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ABSTRACT 
        
 While environmental justice (EJ) research in the U.S. has traditionally focused on 
inequities in the distribution of technological hazards, the disproportionate impacts of Hurricane 
Katrina on racial minorities and socioeconomically disadvantaged households have prompted 
researchers to investigate the EJ implications of natural hazards such as flooding. Recent EJ 
research has also emphasized the need to examine social inequities in access to environmental 
amenities. Unlike technological hazards such as air pollution and toxic waste sites, areas exposed 
to natural hazards such as hurricanes and floods have indivisible amenities associated with them. 
Coastal property owners are exposed to flood hazards, but also enjoy water views and 
unhampered access to oceans and the unique recreational opportunities that beaches offer. 
Conversely, dense urban development and associated impervious surfaces increase likelihood of 
floods in inland areas which may lack the amenities of proximity to open water.  
 This dissertation contributes to the emerging literature on EJ and social vulnerability to 
natural hazards by analyzing racial, ethnic, and socioeconomic inequities in the distribution of 
flood risk exposure in the Miami Metropolitan Statistical Area (MSA), Florida--one of the most 
hurricane-prone areas in the world and one of the most ethnically diverse MSAs in the U.S. The 
case study evaluates the EJ implications of residential exposure to coastal flood risk, inland flood 
risk, and no flood risk, in conjunction with coastal water related amenities, using geographic 
information science (GIS)-based techniques and logistic regression modeling to estimate flood 
risk exposure. Geospatial data from the Federal Emergency Management Agency (FEMA) are 
 ix 
 
utilized to delineate coastal and inland 100-year flood hazard zones. Socio-demographic 
variables previously utilized in EJ research are obtained from tract level data published in the 
2010 census and 2007-2011 American Community Survey five-year estimates. Principal 
components analysis is employed to condense several socio-demographic attributes into two 
neighborhood deprivation indices that represent economic insecurity and instability, respectively. 
Indivisible coastal water related amenities are represented by control variables of percent 
seasonal homes and proximity to public beach access sites. Results indicate that racial/ethnic 
minorities and those with greater social vulnerability based on the neighborhood deprivation 
indices are more likely to reside in inland flood zones and areas outside 100-year flood zones, 
while residents in coastal flood zones are disproportionately non-Hispanic White. Moreover, 
residents exposed to coastal flood risk tend to live in areas with ample coastal water related 
amenities, while racial/ethnic minorities and individuals with higher neighborhood deprivation 
who are exposed to inland flood risk or no flood risk reside in areas without coastal water related 
amenities. This dissertation elucidates the importance of EJ research on privilege and access to 
environmental amenities in conjunction with environmental hazards because areas exposed to 
natural hazards are likely to offer indivisible benefits.  
 Estimating people and places exposed to hazards for EJ research becomes difficult when 
the boundaries of census areal units containing socio-demographic data do not match the 
boundaries of hazard exposure areas. This challenge is addressed with an application of 
dasymetric spatial interpolation using GIS-based techniques to disaggregate census tracts to 
inhabited parcels. Several spatial interpolation methods are assessed for relative accuracy in 
estimating population densities for the Miami MSA, and the output units from the most accurate 
method are employed in EJ regression analyses. The dasymetric mapping efforts utilized herein 
 x 
 
contribute to research on the modifiable areal unit problem (MAUP) and its effects on statistical 
analyses. Since the dasymetric mapping technique used for EJ analyses disaggregates census 
tracts to the inhabited parcel level, the results of the associated analyses for flood hazards 
exposure and access to coastal water related amenities should be more reliable than those based 
on tracts. The enhanced accuracy associated with inhabited parcels is a result of using a more 
precise geospatial depiction of residential populations, which leads to a more accurate portrayal 
of disproportionate exposure to flood hazards. Consequently, this dissertation contributes 
methodologically to GIS-based techniques of dasymetric spatial interpolation and empirically to 
EJ analysis of flood hazards with indivisible coastal water related amenities.  
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1. INTRODUCTION 
 
Flooding has emerged as a major social concern and threat to people and places all over 
the world. It leads to death, injury, and a variety of adverse health effects, causes severe damage 
to property and livelihoods, and disrupts the functioning of entire urban and rural systems 
(Walker 2012). According to the U.S. Geological Survey, floods in the U.S. are responsible, on 
average, for 140 deaths and $6 billion in property damage annually (Maantay and Maroko 2009). 
Furthermore, the adverse impacts of flooding are unevenly distributed among affected 
populations. Individuals of lower socioeconomic classes tend to suffer disproportionately, 
because they lack the resources of wealthier individuals to mitigate the impacts and recover from 
flood events.  
 Sea level rise and changes in the hydrologic system due to climate change can alter the 
frequency of flood related hazard events, but flood losses continue to grow in the U.S. because of 
increased population density in flood prone areas, which has resulted in greater exposure of 
people and property to flood hazards (Cutter and Emrich 2005). The Federal Emergency 
Management Agency (FEMA) estimates that about 150,000 square miles (over 4 percent of total 
area) of land in the U.S. is located within the 100-year floodplain (Maantay and Maroko 2009); 
and approximately 3 percent of the total U.S. population lives within coastal census block groups 
(Crowell et al. 2010). Greater population exposure to flood hazards can be explained, in part, by 
a ‘moral hazard’ created by the U.S. National Flood Insurance Program (NFIP) (Cutter and 
Emrich 2006). Moral hazard refers to modifications in personal behavior that enhance risk; and 
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purchasing flood insurance encourages moral hazard. Managed by the federal government, the 
NFIP guarantees flood insurance to floodplain residents at highly subsidized rates. 
 Growing populations exposed to flood hazards can result in enormous losses, as the 
Hurricane Katrina tragedy of 2005 demonstrated. Socially vulnerable residents, such as African-
Americans, renters, low-income, and unemployed persons, were disproportionately affected by 
flooding caused by Hurricane Katrina in New Orleans (Morse 2008). Many of these residents 
also waited the longest for public aid and assistance after the disaster. These inequitable social 
impacts and government failures in response prompted researchers to examine the environmental 
justice (EJ) implications of this disaster. A central tenet of EJ is equality for all people in the 
distribution and impact of environmental hazards, regardless of their economic status, race, 
ethnicity, or other social characteristics (EPA 2012). While EJ scholars and activists have 
traditionally focused on the inequitable location of undesirable land uses and technological 
hazards such as air pollution and hazardous waste, Hurricane Katrina emphasized the growing 
need to examine the EJ consequences of natural disasters and hazards. As a result, recent EJ 
studies have examined social disparities in the distribution of flood hazards in the U.S. (e.g., 
Maantay and Maroko 2009) and U.K. (Fielding and Burningham 2005). A critical limitation of 
most of this prior research, however, is that all flood prone areas have been treated as one 
aggregate zone and thus assumed to pose equal risk. This approach can be problematic because it 
fails to consider the disparities between coastal and inland flood zones, as well as differences in 
amenities that are indivisible from flood hazards.  
 In addition to the incorporation of natural hazards, the EJ research framework has now 
expanded to encompass social inequalities in the distribution of environmental amenities such as 
parks, playgrounds, and street trees that provide direct and indirect benefits to local residents 
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(Boone et al. 2009; Landry and Chakraborty 2009; Maroko et al. 2009). EJ analyses of amenities 
is particularly relevant to research on natural hazards such as flooding, because areas associated 
with flood hazards, especially coastal areas, offer mutually constitutive amenities and hazards 
(Davis 1998; Collins 2010). The desirability of coastal areas exposed to flood risk, due to the 
presence of water related amenities such as access to beaches and views of the lagoon/ocean, is 
reflected in substantially higher property values found in coastal areas. Water related amenities 
such as access to beaches and water views are indivisible from coastal flood hazards because the 
amenities and hazards are innate features of the location, and amenities must be consumed in situ 
(Kates 1971; Grineski et al. 2104). Conversely, burgeoning urban and suburban development and 
associated impervious surfaces increase likelihood of floods in inland areas which may lack the 
associated amenities of proximity to open water. Recognition of the indivisible nature of water 
related amenities associated with certain flood hazards has led to emerging research that 
investigates social inequities in exposure to coastal and inland flood risk separately. For 
example, previous research on exposure to flood hazards in the U.S. (e.g., Montgomery and 
Chakraborty 2013; Chakraborty et al. 2014) suggests that individuals of higher socioeconomic 
status (lower social vulnerability) are more likely to reside in coastal flood zones than individuals 
of lower socioeconomic status (higher social vulnerability). Furthermore, racial and ethnic 
minority groups are disproportionately located in areas exposed to inland flood risk that often 
lack the indivisible water related amenities associated with coastal flood zones. More 
comparative research of the socio-demographic characteristics of residents exposed to coastal 
and inland flood hazards is required to understand the EJ implications of flood risk in areas with 
indivisible water related amenities.  
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 Yet another under-researched topic in EJ studies is environmental privilege. With the 
exceptions of Pulido (2000), Freudenburg (2005), and Lipsitz (1995), EJ researchers have not 
explicitly examined white or environmental privilege. To investigate privilege in conjunction 
with water related amenities, this dissertation quantitatively analyzes non-Hispanic White 
residents and coastal water related amenities of seasonal (vacation) homes and proximity to 
public beach access sites. Since previous quantitative studies have not explicitly examined the 
presence of privileged groups and environmental amenities, this research seeks to address an 
important gap in EJ analysis.  
This dissertation contributes to the emerging research literature on the EJ implications of 
natural hazards by exploring the social vulnerability of those residing within coastal and inland 
flood zones in the Miami metropolitan statistical area (MSA), Florida, using geographic 
information science (GIS)-based techniques to estimate exposure to flood risk. An EJ approach 
to assessing social vulnerability to flood hazards is appropriate because EJ research examines 
racial/ethnic and socioeconomic inequities in the distribution of environmental risk, which is 
vital to minimizing differential impacts on the residential population. However, there are 
amenities associated with residing in some flood hazard zones, particularly in coastal areas. The 
EJ principle of equal environmental quality for all asserts that researchers should be concerned 
with the inequitable distribution of environmental amenities, as well as disamenities and hazards. 
Therefore, this dissertation also incorporates an assessment of indivisible public coastal 
amenities associated with flood hazards to evaluate relative amenity value of areas exposed to 
flood hazards with respect to residential socio-demographic characteristics. Assessing the EJ 
implications of public water related amenities involves unpacking the notion of environmental 
privilege by examining the traditionally affluent group of non-Hispanic Whites. Furthermore, the 
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Miami MSA has a very diverse Hispanic population with some of the largest subgroups 
originating from Colombia, Cuba, Mexico, and Puerto Rico. These four Hispanic subgroups 
exhibit very high residential segregation in Miami (Lukinbeal et al. 2012). Additionally, previous 
research has indicated that Cuban and Colombian neighborhoods are disproportionately exposed 
to cancer risks from traffic-related air pollution, while Mexican neighborhoods are not (Grineski 
et al. 2013). Previous findings of environmental injustice in exposure to air pollution, and 
significant residential segregation among Colombians, Cubans, Mexicans, and Puerto Ricans  
warrant investigation of these contextually relevant Hispanic subgroups for inequitable exposure 
to flood hazards with indivisible water related amenities. Thus, this dissertation provides a 
comprehensive assessment of the EJ implications of both flood hazards and coastal amenities for 
the Miami MSA. Furthermore, quantitative EJ studies have used various spatial interpolation 
techniques for estimating areas and populations exposed to hazards that can be used to analyze 
social vulnerability to flood risk. This dissertation contributes to this research by implementing 
and comparing spatial interpolation methods that disaggregate census tracts into smaller areas to 
estimate populations within coastal and inland flood hazard zones. Accordingly, the broader goal 
of this dissertation is to address several gaps in the research literature on vulnerability to flood 
hazards and EJ analysis, as well as evaluate GIS-based methodologies for estimating places and 
people at risk.  
There are two research objectives associated with this dissertation, each with two specific 
goals. The first research objective is to implement several GIS-based methods of dasymetric 
spatial interpolation and assess how the choice of spatial interpolation method affects the results 
of EJ analyses of flood risk. The first goal of this research objective is to determine which 
dasymetric method is most accurate for estimating population densities and the second goal is to 
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compare results based on census tracts with those based on spatial units derived from the most 
accurate dasymetric interpolation method. The second research objective involves the EJ 
implications of flood hazards, after controlling for indivisible coastal water related amenities. 
The first goal of this research objective is to assess distributional inequities in exposure to coastal 
flood risk, inland flood risk, and no flood risk; and the second goal is assessment of equitable 
distribution of flood risk characterized by indivisible coastal water related amenities. Logistic 
regression modeling is utilized to examine residence within areas of flood risk and appropriate 
control variables are included to assess coastal water related amenities.  
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2. LITERATURE REVIEW 
 
 This dissertation is intended to contribute to geographic research of natural hazards, 
environmental justice (EJ), social vulnerability to flood hazards, and dasymetric spatial 
interpolation methods. This chapter summarizes the current relevant literature and identifies gaps 
in knowledge that provide the rationale for the research design of this dissertation.  
2.1 Natural Hazards 
A fundamental challenge in natural hazards research is the conflicting definitions of 
hazards and vulnerability that exist within this literature. This dissertation uses Wisner’s (2009) 
definition of hazard as “an event or hazard in nature, the built environment, or social life that 
may cause harm to persons, assets, and livelihoods” (p. 176). Based on this definition, hazards 
are limited to threats to humans and associated social systems, and thus exclude hazards to 
natural systems. Although many previous researchers have sought to reduce hazard impacts with 
approaches that only address physical events, Wisner et al. (2004) focus on the social 
vulnerability of places and people. Social vulnerability is defined by Wisner et al. (2004, p. 11) 
as “the characteristics of a person or group and their situation that influence their capacity to 
anticipate, cope with, resist and recover from the impact of a natural hazard (an extreme natural 
event or process).”  
 While geographers have historically studied natural hazards using multiple perspectives, 
including biophysical and human ecology, recent research has emphasized a political economy 
or political ecology approach to understanding differential impacts on people. For example, 
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Wisner et al.’s (2004) pressure and release model of natural hazards is based on a political 
economy perspective. However, political ecology has greater theoretical capacity for 
understanding the distribution of hazards in society because it goes beyond scrutinizing uneven 
power relations to how the elites in society actually create discourse on hazards. While political 
economy is useful to understand why uneven class structures exist in capitalist societies, it does 
not offer explanations of how elites construct material and discursive realities (Mustafa 2005). 
 Elite members of society, or those of relatively higher socioeconomic status, put forth 
discursive realities that promote public hazard mitigation to facilitate their residence in 
hazardous places, while less affluent groups do not benefit from the same public efforts. The 
complementary concepts of marginalization and facilitation in political ecology studies of natural 
hazards are used to describe how elites enjoy a high quality of living in hazardous areas at the 
expense of less powerful groups (Collins 2008; Collins 2009; Collins 2010). “Facilitation 
connotes the institutionally mediated process that enables powerful geographical groups of 
people to minimize negative environmental externalities and appropriate positive environmental 
externalities in particular places, with unjust socioenvironmental consequences” (Collins 2010, 
p. 258). The unjust socioenvironmental consequences are those that relegate less powerful 
groups to hazardous living conditions without similar protections afforded to the elite classes: 
marginalization. Because a political ecology approach to natural hazards examines human-
environment relations with regard to deeper political economy structures, it enables 
understanding of the multifaceted qualities of areas associated with natural hazards. For example, 
coastal areas are often inhabited by individuals of very low social vulnerability but these 
residents choose to live in areas with high exposure to flood hazards. Coastal residents perceive 
the benefits associated with proximity to open water to exceed the risks of hazard exposure. This 
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is a more accurate view of coastal flood hazards than the assumption that hazard vulnerability is 
simply a function of exposure, because it recognizes the potential benefits associated with coastal 
flood hazard areas. 
 Investigating the conditions and consequences of natural hazards via facilitation and 
marginalization of social groups can reveal the true root causes of how some groups suffer and 
others do not. However, evidence of facilitation and marginalization in the distribution of natural 
hazards such as floods may be more difficult to identify compared to technological hazards such 
as air pollution and hazardous waste. Since technological hazards are created entirely by 
anthropogenic forces, the distribution of these hazards is more easily ascribable to human 
decision making. Furthermore, unlike natural hazards, the benefits associated with technological 
hazards are mostly economic. Economic benefits derived from technological hazards are 
considered divisible from the hazards because these are not intrinsic components of the location 
and can be enjoyed elsewhere (Grineski et al. 2014). Conversely, as noted above, some coastal 
areas are associated with flood hazards but are very desirable places to live, leading some people 
to voluntarily expose themselves to risks from hazard exposure. Kates (1971) originally posited 
the notion of divisibility, which describes whether amenities associated with natural hazards can 
be separated from the disamenities. Amenities such as beach access and water views associated 
with coastal flood hazard zones are intrinsic features of these areas, and amenities must be 
consumed in situ (Grineski et al. 2014). The hazards and benefits associated with many coastal 
flood hazard areas are thus indivisible.  
 EJ research has traditionally examined issues of fairness and equity in the distribution 
and impact of environmental hazards, but its one-dimensional treatment of the environment as a 
source of only hazards is a limiting factor. Accordingly, EJ research should expand to assess 
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inequity in flood hazards with indivisible coastal water related amenities in a single study. 
Mitchell (1990) has articulated the need to investigate hazards and benefits with a common 
research paradigm (p. 160). Nevertheless, the distribution of natural hazards impacts in society 
results from social, economic, and political processes and structures. Consequently, natural 
hazards research would have greater potential to minimize losses if more investigations 
employed EJ concerns for fairness and equity.  
2.2 Environmental Justice 
Environmental justice (EJ) as a grassroots level social movement began in 1982 in 
Warren County, South Carolina, with citizens protesting the construction of a toxic waste landfill 
for the disposal of polychlorinated biphenyls (PCBs) dumped illegally in other parts of the state 
(Liu 2001; Mohai et al. 2009). Warren County was populated mostly by low-income African 
Americans, and was already the location of many hazardous materials treatment, storage, and 
disposal facilities. Local residents, believing they had been targeted due to their poverty and 
racial composition, engaged in legal action and a campaign of civil disobedience to keep the 
landfill out of the county. Although Warren County protesters were unsuccessful in blocking the 
construction of the PCB disposal facility, they were successful in drawing national attention to 
the problems associated with hazardous waste dumping and facility siting, as well as initiating 
empirical case studies concerning the possibility of environmental injustice. Two important and 
widely-cited studies prompted by the birth of the EJ movement were the U.S. Government 
Accountability Office (U.S. GAO) 1983 report on the geographic distribution of hazardous 
landfills and Black residents in the south U.S., and the 1987 United Church of Christ’s (UCC) 
report titled Toxic Wastes and Race in the United States (U.S. GAO 1983; UCC 1987; Bullard 
1990). The UCC study found minority percentages in communities containing commercial 
DRAFT COPY 
 
11 
 
hazardous waste facilities to be twice as high, on average, compared to those without such 
facilities. The UCC reported concluded that race was the most significant predictor among 
variables tested in association with the location of commercial hazardous waste facilities, and 
this was a consistent national pattern.  
 Environmental justice was originally defined by Robert Bullard as the principle that “all 
people and communities are entitled to equal protection of environmental and public health laws 
and regulations” (Mohai et al. 2009). In 1994, President Clinton signed Executive Order 12898 
which formalized the EJ movement into law, with the U.S. Environmental Protection Agency 
(EPA) as the regulatory authority. EPA now defines EJ as: “the fair treatment and meaningful 
involvement of all people regardless of race, color, national origin, or income with respect to the 
development, implementation, and enforcement of environmental laws, regulations, and 
policies” (EPA 2012). EJ researchers are concerned with both distributional and procedural 
equity (Liu 2001; Fielding and Burningham 2005; Fielding 2007; Walker and Burningham 2011; 
Walker 2012). Distributional, or outcome equity, is evaluated by examining the current 
distribution of hazards with respect to socially vulnerable groups; and procedural equity is 
concerned with fairness in the decision-making processes which affect the distribution of hazards 
across the social landscape. As noted in the two studies mentioned above, preliminary EJ studies 
were concerned only with racial minorities, specifically Black residents. EJ research later 
expanded to include individuals of lower socioeconomic status and residents belonging to other 
racial and ethnic minority groups.  
 An integral goal of EJ research is the equitable treatment of socially vulnerable groups 
because they are commonly exploited by groups with more economic resources and political 
power, and lack the resources of more affluent groups to cope with or recover from hazards. 
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Although the initial emphasis of EJ research was on race/ethnicity and economic class, indicators 
of social vulnerability have broadened to include groups such as women, elderly, infirm, lower 
educational attainment, disabled, and transportation disadvantaged (Cutter et al. 2003; 
Chakraborty 2009; Mohai et al. 2009). Additionally, EJ research has expanded from traditional 
studies on technological hazards to include social equity assessments of the impacts of natural 
hazards. As stated previously, technological hazards are deemed purely anthropogenic in origin, 
and their adverse effects on socially vulnerable populations can thus be more easily attributed to 
discrimination or racism. However, the differential treatment of certain socioeconomic groups by 
the government after Hurricane Katrina, as well as the fact that African-American and low-
income neighborhoods experienced the worst flooding from levee failures, have prompted 
researchers to examine the EJ implications of natural disasters (Morse 2008). After Hurricane 
Katrina, neighborhoods with predominantly White and affluent residents were allowed to 
rebuild, while minority and economically disadvantaged residents were forced to relocate.  
 EJ scholarship has further expanded beyond hazards to include research on equitable 
distribution of public environmental amenities such as parks, green spaces, and street trees 
(Boone et al. 2009; Landry and Chakraborty 2009; Maroko et al. 2009). Although the human 
health benefits derived from environmental amenities are less conspicuous than the adverse 
effects of hazards,  the spatial distribution of amenities is no less important because 
environmental quality is influenced by the presence of amenities. For example, green space is 
undeveloped land that contains vegetation and is important to mitigation of flood hazards, urban 
heat island effects, and atmospheric carbon dioxide. Undeveloped coastal wetlands and 
mangroves are important for mitigating coastal erosion and protecting inland areas from coastal 
flooding and storms. Furthermore, public health and EJ researchers have found evidence of 
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inequities in the distribution of public parks (Wolch et al. 2005; Maroko et al. 2009). Public 
parks are important amenities because they provide space for outdoor recreation and healthy 
activities such as walking, jogging, and biking (Floyd et al. 2008). Because all groups deserve 
equitable environmental quality, the distribution of amenities is of equal importance as that of 
hazards, despite the fact that amenities have been relatively understudied in EJ research. 
 More EJ research on the inverse of environmental racism, environmental privilege, would 
enable understanding of the uneven distribution of amenities and hazards. Few EJ researchers, 
with some exceptions including Pulido (2000), Freudenburg (2005), and Lipsitz (1995), focus on 
privilege over racism (Park and Pellow 2011). A holistic EJ investigation of both hazards and 
benefits of flood prone areas logically leads to an investigation of privilege. If Whites and 
residents of higher socioeconomic status reside in areas of natural hazards, the benefits must 
outweigh the hazards. Additionally, individuals of different socioeconomic status may reside in 
locations characterized by similar natural hazards with indivisible amenities, but those of lower 
status suffer the adverse impacts while those of higher status enjoy the benefits. Traditional EJ 
assumptions that the environment is solely a source of hazards and that people attempt to avoid 
hazards confuse explanations of why individuals of different socioeconomic status suffer or 
benefit from potential exposure to natural hazards. An expansion of EJ research to examine 
which groups benefit from amenities and lack of hazards could be aided by the application of the 
political ecological concepts of facilitation and marginalization.  
White or environmental privilege is an important and under-researched concept that this 
dissertation research seeks to unpack. However, the notion of privilege has been explored in 
recently emerging tourism and leisure research (Paisley and Dustin 2011; Pellow and Park 2011). 
Luxury destinations such as Miami, Florida, tend to hide privilege in plain sight, analogous to the 
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invisibility of white privilege (Paisley and Dustin 2011). White privilege is invisible to those 
who possess it, as White has traditionally been the referent category with respect to all other 
races. Sharpe (2011) states: “racial oppression exists not because of individuals who are racially 
prejudiced (although there certainly are such individuals), but because we live in a racist society, 
a society that in all of its forms, practices, and structures, maintains and reinforces the privileging 
of some races over others” (p. 16).  
In the Slums of Aspen (Pellow and Park 2011), the social injustice and racism of the 
tourist economy of Aspen is detailed. The authors describe the tourist economy of Aspen as 
basically comprised of two groups of people: extremely wealthy people who have seasonal 
homes in the area worth millions and billions of dollars, and those who serve these extremely 
wealthy tourists, most of whom are very low-income immigrants. This book notes Miami Beach 
as a parallel to Aspen: both have luxury destinations built by the poor for the rich. Miami Beach 
exudes money and affluence with its high-rise luxury condominiums and exclusive nightclubs. 
Nevertheless, the beaches of Miami are public property; at least the areas from the mean high 
water line to the Atlantic Ocean are public property (Spain 1999). Although public access to the 
coastal shoreline is protected by law due to the public trust doctrine, it is considered trespassing 
to pass through private property to get to the public beach area. Previous researchers have noted 
the lack of perpendicular access to beaches in Florida (Spain 1999; Mongeau 2004; Garcia et al. 
2005; Maine Sea Grant 2007). Furthermore, there have been cases of coastal property owners 
posting “no trespassing” signs on the beach, spuriously asserting that public beaches are private 
(Garcia et al. 2005); and other cases of homeowners chasing beachgoers from public beaches 
behind their homes (Spain 1999). This is inequitable public beach access, and Park and Pellow 
(2011) have posited that “environmental privilege exists whenever environmental injustice 
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occurs” (p. 5). Sufficient public beach access is something that all residents are entitled to. For 
example, Miami-Dade County’s website mentions equitable public beach access as a goal 
(Miami-Dade County 2014). Thus, it is common knowledge that this amenity should be 
accessible to all residents. But when the beaches are very densely developed with private 
property, public access points may be difficult to find. Additionally, if there are no parking 
spaces at beach access sites, the average Floridian or tourist who drives encounters a problem 
accessing the public beach. 
2.3 Flood Mitigation in the U.S. 
The dense development of U.S. coastal areas can be partially explained by the moral 
hazard encouraged by the National Flood Insurance Program (NFIP) (Cutter and Emrich 2006). 
Managed by the Federal Emergency Management Agency (FEMA), the NFIP provides low-cost 
flood insurance to U.S. residents. However, the NFIP has often been criticized because of its 
financial insolvency (U.S. GAO 2007; 2008; 2009; 2010). Reports published by the U.S. 
Government Accountability Office (U.S. GAO) provide several reasons to explain the NFIP’s 
financial insolvency. Since the NFIP is intended to provide affordable flood insurance, it is not 
designed to build a capital surplus (U.S. GAO 2010). The premiums charged by the FEMA are 
not reflective of the actual risk, or actuarial rates. For example, almost one in four property 
owners covered by NFIP pay subsidized rates; and “full-risk” rates may not reflect the full risk of 
flooding. Furthermore, the NFIP includes “grandfathered” rates that allow some property owners 
to continue paying rates that do not reflect reassessments of their properties’ flood risk (U.S. 
GAO 2010). Conversely, private insurance companies must profit enough to have surplus capital 
that can be used to compensate insured losses without completely draining the financial 
resources of the insurance company. Additionally, the NFIP does not drop high-risk policies and 
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those with repetitive claims. Repetitive loss properties are defined rather conservatively as NFIP 
insured structures with “two paid flood losses of more than $1,000 each in any 10-year period 
since 1978” (FEMA 2014). Although they comprise only one percent of NFIP policies, they 
account for 25 to 30 percent of all claims (U.S. GAO 2010). Private insurance companies would 
deny coverage to extremely high risk property with history of multiple claims. Private insurers 
also depend on a large enough pool of low-risk property to complement high risk property so that 
high risk policies do not bankrupt the insurer. Although the celebrated hazards geographer 
Gilbert F. White played an important role in the establishment of the NFIP, he warned soon after 
the NFIP’s inception that flood insurance could promote additional development of floodplains 
(White 1973), based on the moral hazard that the NFIP could produce. 
 A report by the U.S. GAO offers three possible solutions to remedy the financial 
insolvency of the NFIP (U.S. GAO 2008). The three possibilities are to: 1) require more flood 
mitigation; 2) reduce or eliminate subsidies on premiums; and 3) target subsidies based on 
financial need. Many coastal properties receive subsidized premiums from the NFIP because 
they were entered into the program long ago and have premiums that are reflective of risk 
according to the year their flood map was drawn. Although a small portion (less than eight 
percent) of subsidized policies include properties subject to coastal flooding that were built 
between 1975 and 1981 (U.S. CBO 2009), many of these coastal structures are worth more than 
the limit of insured losses, which is $350,000 ($250,000 for building and $100,000 for contents) 
(U.S. CBO 2007). A program that provides subsidized flood insurance premiums to those based 
on financial needs might remove many coastal properties from subsidized premiums. This is 
because property values are generally higher in coastal areas (U.S. CBO 2007) and the 
socioeconomic status of those owning coastal property is also higher.  
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The Biggert-Waters Act of 2012 was an attempt to phase in actuarial rates for premiums 
and to reduce subsidies in the NFIP. This Act especially targeted second homes and 
grandfathered properties for increases in flood insurance premiums to actuarial rates. However, 
congressional representatives from flood-prone states such as Louisiana and Florida fought the 
Biggert-Waters Act when political constituents began complaining about additional flood 
insurance costs and the impacts on real estate markets (Chakraborty et al. 2014). President 
Obama signed the Homeowner Flood Insurance Affordability Act of 2014 into law on March 21, 
2014 (U.S. Congress 2014). The Homeowner Flood Insurance Affordability Act of 2014 has 
repealed or drastically slowed many NFIP premium increases, including those for grandfathered 
structures; and it has mandated FEMA to do flood insurance affordability studies and better flood 
hazard mapping, without any budgetary increases. The U.S. government has demanded that 
FEMA simply do a better job without any more money (Postal 2014). The replacement of the 
Biggert-Waters Act of 2012 with the Homeowner Flood Insurance Affordability Act of 2014 is 
an example of elites facilitating themselves with political influence. It is ironic that 
Representative Maxine Waters (D-California), who is the “Waters” of Biggert-Waters Act, 
played a key role in passing the Homeowner Flood Insurance Affordability Act of 2014 (Postal 
2014). The Biggert-Waters Act would have disproportionately impacted elites who own coastal 
property, thus its repeal is an example of facilitation. 
 Beach nourishment, which is the direct addition of sand to eroding beaches to widen 
them, is another method of mitigating coastal flood hazards. However, both the NFIP and beach 
nourishment projects are mostly funded by federal tax monies; and some argue that beach 
nourishment is “welfare for the rich” (Pilkey and Young 2005; Ludden 2013). Furthermore, 
when a nourished beach has been heavily eroded by a storm, the federal government funds 
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renourishment projects under the Stafford Act (FEMA 2009). Both the NFIP and beach 
nourishment have encouraged the moral hazard of coastal development, and they are instruments 
of facilitation that enable coastal development at the expense of U.S. taxpayers.  
Although it is widely known that the NFIP is financially insolvent, attempts to make it 
more sustainable are thwarted by politicians maintaining the status quo. Reports by the U.S. 
GAO (2008; 2009; 2010) and others (Kunreuther and Michel-Kerjan 2009) state that the NFIP 
must establish premiums that more accurately reflect risk, but they also note the importance of 
ensuring that flood insurance is affordable for lower income households. However, social equity 
concerns in flood risk management in the U.S. must be more explicit. Scientists understand that 
beach nourishment is not sustainable and mismanagement of our coasts is inequitable to future 
generations (Cooper and McKenna 2008). Nevertheless, more attention must be paid to 
differences in social vulnerability and how they contribute to uneven impacts from natural 
hazards such as floods. This is essential to move beyond common assumptions that only 
exposure or proximity to hazards comprises risk. Economically affluent people who are exposed 
to flood hazards are not an EJ concern since they have resources to mitigate the hazards. This 
dissertation employs concepts from social vulnerability research to better understand the EJ 
implications of flood hazards. Social vulnerability research provides a wide range of quantitative 
indicators and methods that can be used to further EJ inquiry. 
2.4 Social Vulnerability to Flood Hazards 
Although natural hazards research differs from EJ research in theoretical development 
and practical applications, scholars from both fields have studied disproportionate impacts on 
socially vulnerable people. Nevertheless, this is a challenging endeavor because social 
vulnerability metrics are usually descriptive and not predictive indices (Cutter 2010). 
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Additionally, there is a lack of consensus in the literature on measuring social vulnerability. For 
example, natural hazards research has definitions of vulnerability derived from the fields of 
social vulnerability (Cutter 1996; Cutter et al. 2000; Cutter et al. 2003) and global environmental 
change (Turner et al. 2003; Adger 2006; Birkmann 2006; Eakin and Lueres 2006). More than 25 
different definitions of vulnerability can be found in the literature (Alexander 1997; Adger 2006; 
Birkmann 2006; 2007).  
 Cutter (2003) classifies vulnerability approaches based on three theoretical frameworks: 
an exposure model (Burton et al. 1993); approaches based on assumptions that vulnerability is a 
product of social processes (Wisner et al. 2004); and integrative approaches based on exposure 
and social vulnerability with consideration of the contexts of the places examined (Cutter et al. 
2000). A key limitation associated with exposure models of vulnerability is the assumption of 
homogeneous consequences for all affected populations. Exposure to hazards must be considered 
in conjunction with social vulnerability to provide a more comprehensive vulnerability 
assessment. Cutter et al.’s (2003) Hazards-of-Place model of vulnerability is a useful conceptual 
framework for flood vulnerability research because it includes biophysical and social 
vulnerability, and the importance of the context of geographical location (Cutter 1996; Cutter et 
al. 2003).  
Although Cutter et al.’s Hazards-of-Place model (2003) is helpful to understand the 
components of risk, it does not offer guidance on how to define and measure vulnerability. The 
EJ literature provides a more inclusive set of social vulnerability indicators, since EJ researchers 
typically investigate disproportionate exposure to environmental hazards. Factors commonly 
used in EJ assessments of social vulnerability include racial and ethnic minorities, 
socioeconomic class, poverty thresholds, gender, female headed households, elderly, very young, 
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disabled, infirm, immigration status, educational attainment level, transportation disadvantaged, 
and renters (Cutter 1996; Cutter et al. 2000; Cutter et al. 2003; Chakraborty 2009; Phillips et al. 
2010). Much of this data can be obtained at various levels of aggregation from the U.S. Census 
Bureau and American Community Survey (ACS). 
Although quantitative measures derived from the U.S. Census and other secondary data 
sources are merely proxies for social vulnerability, these indicators can be analyzed statistically 
and compared (Burton and Cutter 2008). Statistical methods for assessing social vulnerability 
include factor analysis techniques, which are employed to reduce multiple factors of 
vulnerability to a single index such as Cutter et al.’s (2003) Social Vulnerability Index (SoVI) 
and Messer et al.’s (2006) neighborhood deprivation index. Additional methods of quantitative 
analysis include chi-squared tests, t-tests, regression analyses, (Harner et al. 2002), and spatial 
regression. Spatial regression refers to techniques similar to multiple regression models but with 
the addition of parameters that correct for spatial dependency in the data (Chakraborty and 
Maantay 2011). In addition to the challenges in defining, measuring, analyzing, and comparing 
social vulnerability, there are specific considerations that are unique to flood hazards. If the flood 
is a coastal hazard, especially a hurricane or other large tropical storm associated with evacuation 
orders, proximity to roads is a consideration, as well as whether evacuees possess their own 
transportation. Another social vulnerability attribute that is especially critical to flood hazards is 
home ownership status. Unlike home owners, renters are not able to fortify their homes against 
flood hazards. Renters can insure the contents of their homes against floods, but not their homes. 
The type of home is also pertinent to flood and storm hazards risk. For example, mobile and 
manufactured homes can be torn apart by strong winds associated with tornadoes and hurricanes 
so these residents are vulnerable (Cutter et al. 2003; Phillips et al. 2010).  
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Despite the large body of natural hazards research, there is still a substantial lack of 
knowledge pertaining to social vulnerability to hazards. Cutter et al. (2003) refer to this gap in 
knowledge as the “vulnerability paradox” (Cutter et al. 2003; Burton and Cutter 2008). Indices to 
describe social vulnerability require further study and refinement so that hazards researchers 
better understand the implications and challenges of comparative vulnerability assessments, 
including the assumptions and limitations associated with quantifying human vulnerability. 
Some of these challenges are inherent to aggregated areal units of U.S. Census data, which 
represent the most commonly used public data source for attributes of social vulnerability. 
Additionally, as with most other types of hazards, the boundaries of flood hazard zones are 
incompatible with those of census areal units containing socio-demographic information. An 
appropriate method of spatial interpolation is thus required to estimate the number and 
characteristics of people potentially exposed to flood hazards. 
2.5 GIS Methodologies for Estimation of Areas and People Exposed to Flood Risk 
There are three basic problems in geographic analysis of social vulnerability to hazards: 
delineating the boundaries of areas exposed to hazards, estimating population distributions and 
their social attributes, and determining the characteristics of the population within the hazard 
exposure areas. The FEMA Q3 data, used for floodplain delineation in digital flood insurance 
rate maps (DFIRMs), is the best available data on flood risk in the U.S. The DFIRMs have 
several flood zone designations, based on proximity to different types of flood hazards and return 
intervals, and whether base flood elevations are calculated. Base flood elevations refer to the 
calculated elevation to which floodwater is expected to rise during the base flood (FEMA 2014). 
Base flood, also called a 100-year flood, is a flood with a 1 percent chance of occurring every 
year. Base flood is the standard used by NFIP for regulating flood insurance policies and 
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construction in floodplains (FEMA 2014). Flood zones with 100-year return intervals and 
immediately adjacent to open water bodies that could have storm-induced wave action are V 
zones; other 100-year return interval flood hazard zones are some type of A zone.  
Although the FEMA flood zones are the best flood risk data available, there are several 
limitations with these designations. A flood event can affect areas that are outside 100-year flood 
hazard zones, but flood hazard zones are not redrawn after flood events. Research has shown that 
over 50 percent of insured losses occur outside the 100-year floodplain (Highfield et al. 2013). 
Many of the FEMA flood maps are also outdated, with about one-third of them over 15 years 
old, and another 30 percent of them about 10 to 15 years old (Birkland et al. 2003). FEMA has 
also been criticized because it does not adequately oversee contractors responsible for floodplain 
mapping to ensure consistency between different contractors in various areas (U.S. GAO 2009; 
Brody et al. 2013). Furthermore, some have criticized the use of return intervals to describe flood 
magnitudes (Bijker 2007). Many laypeople are unaware that a 100-year flood can occur twice in 
one year, and 500-year floods can occur more often than once every 500 years (U.S. Geological 
Survey 2014). Moreover, a 100-year storm does not necessitate a 100-year flood. A 100-year 
floodplain as defined in FEMA data is based on the 100-year design flood, which is calculated 
from stream gauge data if it is available (Brody et al. 2013). Describing flood magnitudes with 
these various return intervals may thus fail to properly convey the risk and potential for loss. 
Nevertheless, these return intervals are used to describe flood magnitudes and risk in the U.S. 
 To estimate the geographic distribution of residential populations and their attributes, 
researchers most commonly utilize secondary sources of socio-demographic data such as the 
U.S. Census and ACS estimates. Household-level data are aggregated to areal units to protect the 
privacy of individual respondents. The sizes of areal units delineated by the U.S. Census Bureau 
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are based on the estimated number of people residing within them. For example, census tract 
boundaries are constructed to encompass between 1,200 and 8,000 residents, with an average of 
4,000 residents for most census tracts (U.S. Census Bureau 2012). However, data represented 
with areal units assumes values within each areal unit to be distributed uniformly throughout the 
unit. This presents a challenge to EJ and hazards researchers, and several studies have 
demonstrated how the resolution of areal units (or, geographic scale) influences findings 
regarding racial/ethnic or socioeconomic inequities (Fotheringham and Wong 1991; Bowen et al. 
1995; Glickman and Hersh 1995; Cutter et al. 1996; Maantay 2002; Baden et al. 2007; Maantay 
2007). Furthermore, because the shape and size of hazard exposure areas are typically 
incongruous with those of census areal units, a method of spatial interpolation is required to 
accurately estimate populations exposed to hazards (Goodchild and Lam 1980; Flowerdew et al. 
1989; Goodchild et al. 1993).  
Methods of spatial interpolation can be classified as either point or areal interpolation 
(Liu 2001). Point interpolation is more easily implemented than areal interpolation, but it is only 
possible when the street addresses of all individuals and households relevant to the study are 
available (Chakraborty and Maantay 2011). The U.S. Census Bureau has a nationwide address 
point database, but it is not publically available. Alternatively, many local jurisdictions such as 
counties maintain address databases which include a point for every address, including multiunit 
attached dwellings such as apartment buildings and condominiums (Zandbergen 2011).  
There are generally three types of areal interpolation methods used in EJ or hazards 
research: polygon containment, centroid containment, and buffer containment (Figure 1; see 
page 25) (Chakraborty and Armstrong 1997; Chakraborty and Maantay 2011). Buffer is a 
commonly used GIS term that refers to an area surrounding a geographic feature, based on a 
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user-specified radius or width (Wade and Sommer 2006). EJ researchers have used GIS-based 
circular buffers of various sizes around point sources of hazards to represent potential exposure. 
In the polygon containment method, all census areal units contained and intersected by a buffer 
boundary are considered exposed to hazard. The centroid containment method is based on spatial 
coincidence between a buffer and the centroids, or geometric centers, of census areal units. All 
census units with centroids located within a buffer are considered to be exposed to hazard. 
Centroid containment is accurate if population densities are concentrated at the geometric centers 
of the areal units. The buffer containment method selects areal units and fractions of them 
contained by a buffer.  
The most basic method for calculating populations and their attributes exposed to hazard 
based on buffer containment is called simple areal weighting (Goodchild et al. 1993). Population 
attributes for each areal unit are weighted according to the proportion of the area of the unit 
located within the buffer. While polygon and centroid containment are computationally easy to 
implement, an important limitation of these two methods is that entire census units are assumed 
to be either completely within or outside the hazard buffer. This can potentially lead to results 
which are misrepresentative of populations exposed to hazards. Although buffer containment and 
simple areal weighting provide more realistic results than polygon and centroid containment 
methods, an important limitation is the assumption that the population of each census areal unit 
and its socio-demographic attributes are distributed uniformly within unit boundaries. Further 
disaggregation of areal units would yield results that are potentially more accurate 
representations of the underlying population. 
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a. Polygon Containment      b. Centroid Containment  
 
         c. Buffer Containment 
 
 
 
Figure 1. Three types of areal interpolation methods commonly used to select census polygons 
within a circular buffer. (a) polygon containment, (b) centroid containment, and (c) buffer 
containment (Chakraborty and Maantay 2011; p. 126). 
 
To improve on buffer containment methods, recent studies have utilized dasymetric 
mapping techniques to ascertain more precise estimations of socio-demographic attributes of 
potentially exposed populations (Mennis 2003; Maantay et al. 2007; Maantay and Maroko 2009; 
Chakraborty and Maantay 2011). Dasymetric mapping includes various techniques employed to 
disaggregate areal units based on ancillary data and a variable of interest (Mennis and Hultgren 
2006; Higgs and Langford 2009). Mennis (2003) illustrates dasymetric mapping techniques with 
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continuous population surfaces and explains how to refine areas of homogeneity by 
disaggregating them with residential land use data. Dasymetric mapping intelligently 
disaggregates census areal units since the ancillary information utilized to refine census units are 
typically based on land use classifications which are dependent on population dynamics (Mennis 
2003; Mennis and Hultgren 2006). 
Two methods of dasymetric mapping are binary filtered areal weighting and three-class 
filtered areal weighting (Eicher and Brewer 2001; Maantay et al. 2007). Based on residential 
land use data, the binary filtered areal weighting method removes non-residential areas and 
redistributes populations to residential areas within census tracts. The three-class method is 
similar except residential areas are classified into three population density classes, and 
populations are redistributed and weighted according to calculated residential densities for each 
of the three classes (Mennis 2003; Maantay et al. 2007).  
Since finer levels of spatial disaggregation of areal units are likely to match the 
household level data from which they are aggregated, some dasymetric mapping techniques 
utilize cadastral datasets of individual parcels. One such method is Maantay et al.’s (2007) 
Cadastral Expert Dasymetric System (CEDS). Based on cadastral data, non-residential parcel 
areas are first removed from census areal units. Socio-demographic attributes are then 
redistributed to residential areas and weighted according to parcel characteristics such as area of 
residential parcels or number of dwelling units. Another method to dasymetrically disaggregate 
census polygons to a very fine scale is point interpolation with address points. Recently, more 
local jurisdictions are maintaining address point datasets (Zandbergen 2011). High resolution 
address point datasets include a point for every address including individual units of multiunit 
dwellings like apartment buildings, so the dasymetric outputs using address points as ancillary 
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data could surpass accuracy of that employing parcel data. Since parcels are delineated according 
to ownership for tax purposes, the parcel is not divided according to dwelling units.  
A fundamental challenge of working with areal units in geographical research is the 
modifiable areal unit problem (MAUP). The MAUP is due to using discrete areal units with 
arbitrary sizes and shapes to represent continuous phenomena, and it has two forms: the scale 
effect and the zone effect (Fotheringham and Wong 1991). The scale effect is an artifact of the 
resolution, or size, of the areal units (e.g., tracts versus block groups). The scale effect is 
observed in different analyses results from the same data at different aggregation levels. The 
zone effect arises from fixed areal units (e.g., tracts), with varying sizes and shapes. The zone 
effect is assumed to be due to the aggregation or grouping scheme of the data, and not a problem 
with the data itself. Several EJ researchers have explored the effects of MAUP by testing 
analysis results using different census units, and different ways of identifying exposure to 
hazards (Cutter et al. 1996; Bowen 2001; Baden et al. 2007). Baden et al. (2007) observed 
decreased variances in statistical analyses when working with large areal units, since aggregating 
data to large units masks variations within the areal unit. In contrast, Fotheringham and Wong 
(1991) posit that decreased variances derived from larger areal units apply only for bivariate 
statistical analyses, and this effect is unobserved in multivariate analyses. Furthermore, if zones 
are delineated around clusters of similar values, this can amplify the true variance of the data; 
while zones around dissimilar values lessens the true variance of the data (Baden et al. 2007). 
Nevertheless, several EJ researchers have recommended using the smallest areal unit possible 
(Cutter et al. 1996; Bowen 2001; Baden et al. 2007). Smaller units are advantageous because 
fewer assumptions are made concerning variable homogeneity over space, since the space is 
smaller. As stated above, smaller units are more likely to approach the values of the household 
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level data from which they are aggregated. Ringquist (2005) states that the magnitude of 
environmental inequity in EJ studies increases with level of aggregation; thus, smaller units 
should reduce this bias. Despite that investigations of the effects of MAUP in EJ studies are 
ongoing, researchers agree that EJ analysis results are sensitive to the scale and zoning properties 
of the datasets. Consequently, the employment of spatial interpolation and dasymetric mapping 
techniques in this dissertation adds to the body of knowledge concerning MAUP. 
 Research on exposure to flood hazards should further explore methods for disaggregating 
census units, especially dasymetric techniques, to calculate areas of coincidence with flood 
hazard zones and accurately estimate people at risk of flooding. Efforts such as this help to 
address gaps in knowledge in flood hazards exposure research, and more generally, the MAUP. 
Moreover, although flood hazard zones delineated by the FEMA are categorized into coastal and 
inland zones, initial EJ research on flooding has treated all areas exposed to flood hazards as one 
aggregate zone (Maantay and Maroko 2009). This is problematic because the racial/ethnic and 
socioeconomic traits of residents within coastal and inland flood zones can vary widely. 
Furthermore, coastal areas possess unique amenities such as beach access and ocean views that 
make them desirable places to live, thus complicating EJ analyses of coastal flood hazards. Two 
studies that employed aggregate coastal and inland flood hazard zones in analyses had 
conflicting results, and the authors acknowledge that use of an aggregate coastal and inland flood 
zone may confound empirical findings. Maantay and Maroko (2009) did not find minority 
populations in New York City to be disproportionately represented within aggregated coastal and 
inland 100-year flood zones, but Fielding and Burningham (2005) found lower social classes to 
be inequitably exposed to flooding in the U.K.  
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One published study based in the U.K. has treated tidal (coastal) flood zones separately 
from fluvial flood zones. While residents in lower social classes were disproportionately exposed 
to both types of flooding, the inequity was more pronounced within coastal flood zones (Fielding 
2007). This finding was attributed to the relative decline in coastal neighborhoods in the U.K. 
due to the loss of coastal tourism. A recently published study of coastal and inland flood hazards 
in the Miami metropolitan area indicated that Black, Hispanic, and lower income residents are 
overrepresented in inland flood zones; while coastal flood zones are characterized by high 
property values and amenities represented by seasonal homes (Chakraborty et al. 2014). The 
conflicting findings of these two studies of coastal and inland flood hazards demonstrate the 
importance of differential treatment of coastal and inland flood hazard zones in analyses, as well 
as geographic context.  
 Ueland and Warf (2006) used elevation as a proxy for flood risk in their study of southern 
U.S. cities and observed that Black neighborhoods were disproportionately located within areas 
of lower elevation. However, in the Fort Meyers metropolitan area of Florida, the lower 
elevation areas were mostly White neighborhoods because they corresponded to high-value 
coastal areas. Although elevation is a crude proxy for flood hazards, their study elucidates the 
complicated nature of flood hazards: some areas at risk of floods are associated with high 
property values and individuals of lower social vulnerability. Bin and Kruse (2006)’s study of 
property values within FEMA flood zones in North Carolina indicated that properties within 
coastal flood zones had high property values, and equivalent property in inland flood zones had 
considerably lower values. The findings of these studies emphasize the need to examine privilege 
and access to environmental amenities associated with adjacency to coastal water bodies, and to 
incorporate them into EJ assessments of flood hazards.  
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3. STUDY AREA 
 
The study area for this dissertation research encompasses the three coastal counties in 
Florida that comprise the Miami Metropolitan Statistical Area (MSA): Miami-Dade, Broward, 
and Palm Beach Counties. A map of the Miami MSA is shown in Figure 2. Located between the 
Gulf of Mexico and Atlantic Ocean, Miami is known for gorgeous beaches but is also vulnerable 
to hurricane and tropical storm impacts. The south Florida region has been hit by 29 Category 3 
or higher hurricanes since 1888 (Nijman 2011). Hurricane Andrew hit the Miami area in 1992, 
and it was the most costly hurricane to strike the U.S. at that time. Damages attributed to 
Hurricane Andrew were the worst in Miami-Dade County, with 19 people killed, 117,000 homes 
destroyed, about half of all homes damaged, and an estimated total damage of $25 billion 
(Nijman 2011). Because of Andrew’s destruction, 40,000 people left Miami-Dade County, many 
of whom settled in Broward County (Nijman 2011).  
Much of the development of the Miami MSA was made possible because the land was 
drained with a very complex system of engineered structures. The Everglades Drainage District 
was formed in 1907 to reclaim submerged lands with systems of canals and levees that rerouted 
water from the Everglades (Nijman 2011). Thus, most of the Miami MSA was originally 
wetlands and it is highly prone to flooding because of its low elevation and exposure to coastal 
storms. The three counties of the Miami MSA were ranked first, second, and third, respectively, 
for flood-induced property damage in Florida from 1997 to 2001: Broward, Miami-Dade, and 
Palm Beach (Brody et al. 2007). The Miami MSA is an especially suitable study area for EJ 
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research because it is characterized by racial and ethnic diversity, including a history of racial 
and ethnic segregation and Hispanic immigration, and a wide range of economic attainment 
amongst residents. Table 1 summarizes total population for the Miami MSA and its three 
counties. Table 2 shows the total numbers of some of the largest racial and ethnic groups in each 
county of the Miami MSA, and median household incomes according to the 2007-2011 ACS 5-
year estimates. Table 3 presents the largest Hispanic subgroups by nationality for each county of 
the Miami MSA according to 2007-2011 ACS 5-year estimates. 
 
Figure 2. Study area: the Miami Metropolitan Statistical Area (MSA). 
 
 
 
DRAFT COPY 
 
32 
 
Table 1. Census 2010 populations for the study area and the counties that comprise it. 
 
  Total 2010 Census Population 
Miami MSA 5,564,635 
Broward County 1,748,066 
Miami-Dade County 2,496,435 
Palm Beach County 1,320,134 
 
 
Table 2. Median household incomes and numbers of the largest racial and ethnic groups of the 
Miami MSA counties. 
 
County 
Median 
Household 
Income 
($) 
Not 
Hispanic 
Non-
Hispanic 
White 
Non-
Hispanic 
Black 
Non-
Hispanic 
Asian Hispanic 
Broward 51,733 1,313,131 776,876 443,823 55,251 428,881 
Miami-
Dade 41,106 881,028 390,139 431,371 36,913 1,593,648 
Palm 
Beach 43,669 1,066,645 797,160 217,615 30,222 242,756 
Source: 2007-2011 ACS 5-year estimates. 
 
 
Table 3. Largest Hispanic subgroups based on country-of-origin for the Miami MSA counties. 
 
County Cuban 
 
Puerto 
Rican Colombian Mexican Nicaraguan Dominican 
Broward 82,629  74,184 64,920 29,040 8,443 28,347 
Miami-
Dade 835,173 
 
100,083 115,165 53,160 112,753 55,624 
Palm 
Beach 42,384 
 
36,769 23,159 48,173 4,151 9,841 
Source: 2007-2011 ACS 5-year estimates. 
 
The Miami MSA contains many smaller municipalities, but the major metropolitan 
subdivisions are Miami (which includes Miami Beach), Fort Lauderdale, and West Palm Beach 
(Figure 2). The population of the entire Miami MSA was 5,564,635 according to the 2010 
census. Miami has been called “Cuba’s second city” (Nijman 2011), despite the obvious fact that 
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it is not in Cuba. Most of Miami’s large Hispanic population is of Cuban descent, including both 
Cuban immigrants and individuals born in the U.S. of Cuban parents. According to the 2007-
2011 five-year estimates from the ACS, 41.0 percent (2,265,285) of the total population of the 
Miami MSA is Hispanic of any race. Non-Hispanic Whites represent 35.5 percent (1,964,175), 
non-Hispanic Blacks 19.8 percent (1,092,809), and non-Hispanic Asians 2.2 percent (122,386) of 
the MSA population. Cubans make up 17.4 percent (960,186) of the total Miami MSA 
population. In addition to Cuba, the Hispanics of the Miami MSA also originate from Puerto 
Rico (3.8 percent; 211,036), Colombia (3.7 percent; 204,173), Mexico (2.4 percent; 130,373), 
Nicaragua (2.1 percent; 118,753), the Dominican Republic (0.69 percent; 38,188), and other 
South American countries (Nijman 2011).  
Nijman (2011) classifies Miami’s residents into three categories: transients, locals, and 
exiles. Transients are not a socially vulnerable group in this context. Miami’s transient 
population are mostly economically affluent, White, and older residents who originate from other 
areas of the U.S., but mostly the northern Atlantic seaboard states. On the other hand, locals are 
predominantly individuals of relatively lower income and socioeconomic status. Exiles include 
those who have immigrated from Cuba, Colombia, Mexico, and other Central and South 
American countries. While this mix of people from a variety of backgrounds makes Miami a 
multicultural global city, most of its residents do not have a sense of place in Miami (Nijman 
2011). Exiles care more about the news from their native countries than they do about Miami’s 
news (Nijman 2011). Many Cubans immigrated to Miami with the intention to return home 
eventually (Levine and Asis 2000). Numerous transients are only seasonal residents. Locals lack 
the political power and economic resources that transients and some exiles possess. Miami’s 
residents’ lack of a sense of place and attachment to Miami results in general apathy concerning 
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the city. The sense of place evoked by Miami is more like that of a hotel: people come and go 
but never stay (Nijman 2011).   
 Nevertheless, the very large and heterogeneous Hispanic population in Miami has led to 
challenges in assimilation for various Hispanic subgroups. According to Woltman and Newbold 
(2009), intra-group discrimination among Hispanics has been a contributing factor. Based on 
income and employment data, they found that non-White Cuban émigrés are not as successfully 
assimilated as White Cuban émigrés; and U.S.-born non-Whites are also not assimilated as well 
as U.S.-born White residents. These authors concluded that Hispanic and non-Hispanic Blacks in 
the Miami area are more economically disadvantaged than Hispanic and non-Hispanic Whites. 
Even for the Mariel émigrés, many of whom were discriminated against by other Cuban émigrés 
already in Miami in the 1980s, White Mariel émigrés had more opportunities for advancement 
than non-White Mariel émigrés. Based on their findings, Woltman and Newbold (2009) state that 
racist forces affect current patterns of economic success among Miami’s residents, among 
Hispanics and non-Hispanics alike. The evidence of racism in Miami is an important reason to 
examine this area for environmental injustice in flood hazard exposure and access to coastal 
water related amenities. 
 Miami exhibits extremely high residential segregation based on income, race, and ethnic 
characteristics. Miami-Dade County ranked eighth of the most populated U.S. counties for 
household income inequality based on the Gini index from 2006-2011 ACS and 2010 census 
data (U.S. Census 2012). Research from the Pew Center has ranked Miami 10th for residential 
segregation based on income (Fry and Taylor 2012). According to 2000 census data, Miami was 
ranked 9th of U.S. southern cities for Black versus White indices of dissimilarity for cities with 
the largest Black populations (Frey and Myers 2005). Figure 3 depicts census tracts in the study 
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area classified according to the percentage of the population identifying themselves as non-
Hispanic Black based on 2010 census data. Some of the neighborhoods corresponding to the 
highest percentages of Black residents are labeled, and these areas are associated with 
historically high segregation based on skin color (Nijman 2011).  
Figure 3. Percent non-Hispanic Black by census tract, Miami MSA, 2010.  
  
However, Blacks are not the only group exhibiting high residential segregation; it is also 
observed between Hispanics and non-Hispanics. Figure 4 shows census tracts symbolized 
according to the percentage of the population identifying themselves as Hispanic or Latino of 
any race (see page 37). Specific neighborhoods with the highest percentages of Hispanic 
residents are labeled. Miami was ranked as the most segregated U.S. city for Hispanics based on 
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2000 census data (Lukinbeal et al. 2012). Moreover, Lukinbeal et al. (2012) observed high 
segregation between the four largest subgroups of Hispanics: Cubans, Haitians, Colombians, and 
Nicaraguans. Based on quantitative indices, these four subgroups were more segregated with 
respect to each other than the majority subgroup (Cubans) from all other Hispanics. 
Consequently, the importance of disaggregating the Hispanic category into appropriate 
subgroups based on country of origin and conducting intra-categorical EJ analysis of Hispanics 
in Miami becomes evident. Following Grineski et al. (2013), differences between relevant 
subgroups of Hispanics in the Miami MSA are examined for inequities in flood hazards exposure 
and access to public coastal water-based amenities. Bivariate correlations and regression models 
include residents originating from Colombia, Cuba, Mexico, and Puerto Rico.  
Despite its significant residential segregation and vast differences in economic 
attainment, Miami is an important tourist destination, especially because of its beaches. Tourism 
is very important to Miami’s economy, as it is to the economy of the state of Florida. The Miami 
Herald recently reported that tourism for 2013 hit a record high (Sampson 2014). In this Miami 
Herald article, the CEO of the Greater Miami Convention & Visitors Bureau states, “the visitors 
that we’re getting are more of a luxury visitor” (Sampson 2014). Miami has been called a site for 
conspicuous consumption (Phillips and Back 2011). Conspicuous consumers use goods or 
services to display their affluence, or their superior status (Veblen 1899; Packard 1959; Mason 
1981; Phillips and Back 2011). 
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Figure 4. Percent Hispanic of any race by census tract, Miami MSA, 2010. 
 
 Logistic regression models are estimated in this dissertation that have tract-level control 
variables for indivisible coastal water-based amenities: percent seasonal homes and proximity to 
public beach access sites. These variables and models serve to illustrate how water related 
amenity value is associated with certain flood hazard zones in the Miami MSA. Logistic 
regression models are estimated to investigate social inequities in the distribution of flood hazard 
zones with indivisible coastal water related amenities for the Miami MSA. The spatial 
interpolation methods and regression modeling strategy are explained in detail in the two 
methodology chapters (Chapters 5 and 7) of this dissertation.  
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4. RESEARCH OBJECTIVES AND HYPOTHESES 
 
This dissertation research was structured to address two primary objectives; each with 
two specific goals. Research Objective 1 pertains to the accuracy of spatial interpolation and 
dasymetric mapping methods, and how the choice of spatial interpolation method affects the 
statistical results of environmental justice (EJ) analysis. The first goal of Research Objective 1 is 
to compare the outputs associated with the application of several spatial interpolation methods 
and assess their relative accuracies in estimating block group populations. The second goal of 
Objective 1 is to assess how a spatial interpolation method affects EJ analysis results. This 
involves utilizing the output units, also referred to as target zones in areal interpolation literature 
(Goodchild et al. 1993; Tapp 2010), from the most accurate spatial interpolation method tested in 
a series of logistic regression models. The target zones of the most accurate spatial interpolation 
method are intersected with flood zones, and logistic regression models are estimated based on 
these observations from the spatial interpolation method. These models are compared to logistic 
regression models estimated from tracts intersected with flood zones.  
Research Objective 2 focuses on assessing the EJ implications of flood hazards with their 
indivisible water related amenities in the Miami MSA. The first goal of Objective 2 is to 
determine whether traditionally disadvantaged groups such as racial/ethnic minorities and 
socioeconomically disadvantaged residents are disproportionately exposed to coastal or inland 
flood risk. The second goal of Research Objective 2 is to incorporate the effects of indivisible 
coastal water related amenities associated with coastal and/or inland flood hazard zones. The two 
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goals of Research Objective 2 are undertaken concurrently with several logistic regression 
models with dichotomous dependent variables. Flood hazard exposure is represented with tracts 
classified according to the flood zone they intersect (the dependent variables), and coastal water 
related amenities are represented with independent variables of percent seasonal homes and 
proximity to public beach access sites. Table 4 summarizes the dissertation objectives, goals, 
analysis phases, hypotheses, and tasks implemented to test hypotheses. Data and methodologies 
are explained in detail in subsequent chapters. The research and findings associated with 
Objective 1 contribute methodologically, while the efforts for Objective 2 are intended to expand 
the scope of EJ research and to better integrate EJ theoretically and methodologically with social 
vulnerability research. EJ research is still in a relative state of infancy when it comes to natural 
hazards and environmental amenities.  
4.1 Research Objective 1: Determine the relative accuracies of several GIS-based spatial 
interpolation methods, and demonstrate how these methods affect EJ analysis results. 
 Goal 1. Several GIS-based spatial interpolation methods for estimating residential 
populations, most of which are dasymetric methods, are implemented and tested for accuracy. 
These methods include simple areal weighting, binary filtered areal weighting, three-class 
filtered areal weighting, and cadastral/parcel-level dasymetric mapping with expert systems. 
GIS-based spatial interpolation methods that disaggregate census areal units to very fine 
resolutions (e.g., cadastral dasymetric mapping) are likely to closely match the household-level 
data from which they are aggregated. Cadastral dasymetric mapping techniques such as Maantay 
et al.’s (2007) Cadastral Expert Dasymetric System (CEDS) have shown superior accuracy when 
compared to other dasymetric and spatial interpolation methods that disaggregate census 
polygons to coarser scales. Additionally, similar to Maantay et al.’s (2007) CEDS method, the 
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expert systems that are employed in this research involve decisions between various methods for 
estimating parcel populations; further increasing the accuracy of such dasymetric methods. 
Therefore, Hypothesis 1 (H1) is that a cadastral dasymetric mapping method with an expert 
system results in the most accurate estimates of residential population densities across the Miami 
MSA study area. 
 
Table 4. Research objectives, goals, analysis phases, hypotheses, and tasks.  
 
Objective Goal 
Analysis 
Phase Hypothesis Tasks 
1 1 1 H1 Cadastral dasymetric expert 
method is most accurate for 
estimating residential 
population densities. 
Implement spatial 
interpolation methods; 
calculate error metrics 
1 2 2 H2 EJ analysis of exposure to 
flood risk  yields different 
results at the tract and parcel 
levels. 
Logistic regression 
models estimated from 
tracts in flood zones 
versus parcels in flood 
zones. 
2 1 2 H3 Individuals of lower social 
vulnerability live in coastal 
flood zones; socially 
vulnerable individuals live in 
inland flood zones. 
Calculate neighborhood 
deprivation indices. 
Regression models 
estimated from tracts 
classified according to 
type of flood zone. 
Calculate Moran’s I for 
model residuals. 
2 2 2 H4 Individuals of lower social 
vulnerability live in coastal 
flood zones with high 
amenity values; socially 
vulnerable individuals live in 
inland flood zones and areas 
outside 100-year flood zones 
where coastal water related 
amenity values are low. 
Calculate proximity to 
public beach access 
sites. Regression 
models estimated from 
tracts classified 
according to type of 
flood zone. Calculate 
Moran’s I for model 
residuals. 
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Goal 2. Once a single dasymetric spatial interpolation method to disaggregate census 
tracts is determined to be the most accurate (Goal 1 of Research Objective 1), logistic regression 
models with binary dependent variables are estimated based on the output from that interpolation 
method. As stated above, it is expected that a cadastral expert system is the most accurate spatial 
interpolation method. Therefore, inhabited parcels, the target zones derived from the most 
accurate interpolation method, are intersected with flood zones. Parcels are then classified 
according to one of the three types of flood hazard zones (coastal, inland, or outside 100-year 
flood zones) that they intersect. The flood zone classification per parcel is employed as the 
binary dependent variable for regression models estimating the socio-demographic 
characteristics of residents exposed to coastal flood risk, inland flood risk, and areas outside 100-
year flood risk zones. Census tracts are also intersected with flood zones, and series of binary 
regression models with tracts classified according to the type of flood risk as the dependent 
variable are also made. The same tract level independent variables are used in both models for 
inhabited parcels and for tracts. The independent variables include race, ethnicity, coastal water 
related amenities, and neighborhood deprivation indices. Models estimated from tracts as 
opposed to those from inhabited parcels are evaluated to assess how spatial interpolation affects 
EJ results. Models are estimated for the Miami MSA. Therefore, Hypothesis 2 (H2) asserts that 
EJ results of flood hazards based on tracts and parcels are different, illustrating the importance of 
spatial interpolation to disaggregate census polygons for EJ analyses. As explained above, spatial 
interpolation methods that disaggregate census polygons to very small units are likely to 
approach the household level data from which they are aggregated. Additionally, EJ researchers 
interested in the effects of the modifiable areal unit problem (MAUP) on analysis results have 
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recommended using the smallest possible areal units to address aggregation bias (Cutter et al. 
1996; Bowen 2001; Ringquist 2005; Baden et al. 2007).  
4.2 Research Objective 2: Assess the EJ implications of coastal and inland flood hazards and 
indivisible coastal water related amenities. 
Goal 1. Assessing the EJ implications of flood hazard zones entails a distributional equity 
assessment of residential populations within coastal and inland 100-year flood hazard zones, 
with respect to those outside 100-year flood zones. The approach to this research objective 
reveals which socially vulnerable groups reside within coastal and inland flood zones; and which 
groups, if any, are statistically overrepresented within each type of flood hazard zone. Much of 
the existing research on EJ and social vulnerability to flood hazards utilize one aggregate flood 
hazard zone, and do not separate coastal from inland flood hazard zones (Fielding and 
Burningham 2005; Maantay and Maroko 2009). This is problematic because very desirable 
waterfront and coastal property is often located within coastal flood hazard zones, and this is true 
for the Miami MSA. Hypothesis 3 (H3) posits that individuals exhibiting traits of lower social 
vulnerability (including non-Hispanic Whites and individuals of higher socioeconomic status) 
reside within coastal flood zones, and that those residing within inland flood zones are 
characterized by higher social vulnerability (including racial/ethnic minorities and individuals of 
lower socioeconomic status). 
 Goal 2. The approach to Goals 1 and 2 of Research Objective 2 are interconnected. In 
statistical tests and models that assess the EJ implications of coastal and inland flood hazards, 
independent variables representing indivisible coastal water related amenities are employed. 
More specifically, percent seasonal homes and proximity to public beach access sites are used as 
control variables for coastal water related amenities in regression models. Seasonal homes are 
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vacant homes that are classified for seasonal, recreational, or occasional use; commonly referred 
to as vacation homes. They are likely to be found in desirable areas, including areas near the 
beaches in the Miami MSA. The calculation of proximity to public beach access sites is part of 
this dissertation analysis, and is adapted from methodology employed by Zhang et al. (2011) and 
Wen et al. (2013). The two coastal water related amenity control variables characterize the 
relative amenity values for different flood hazard zones. This effort produces a more realistic 
assessment of the EJ implications of flood hazard zones because areas exposed to flood risk are 
sometimes located in desirable residential neighborhoods. A one-dimensional treatment of flood 
hazards without their indivisible water related amenities could ignore important relationships. 
For example, economically affluent individuals may seek residence in coastal neighborhoods for 
water views, access to beaches, and other intrinsic water related amenities. This is not an EJ 
concern because economically affluent individuals have access to resources for mitigating flood 
hazards. 
 Hypothesis 4 (H4) states that mostly non-Hispanic White and less socially vulnerable 
residents are exposed to coastal flood risk in areas with higher coastal water related amenity 
value. Conversely, areas of inland flood zones and outside 100-year flood zones without coastal 
water related amenities are populated mostly by socially vulnerable groups. Considering both 
goals of Research Objective 2, socially vulnerable groups are expected to be exposed to flood 
hazards without coastal water related amenities; and less socially vulnerable groups are expected 
to be exposed to flood hazards in areas that are highly desirable due to coastal water related 
amenities. Bin and Kruse (2006)’s study of property values within FEMA flood zones in North 
Carolina indicated that properties within coastal flood zones had higher values, while values of 
equivalent properties within inland flood zones were considerably lower. Prior research in 
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Florida has shown that coastal areas are populated primarily by White and economically affluent 
residents, while racial and ethnic minorities are overrepresented in inland flood zones (Ueland 
and Warf 2006; Montgomery and Chakraborty 2013; Chakraborty et al. 2014).  
4.3 Research Design 
  There are two phases of analysis in this dissertation. The investigation of the first analysis 
phase is for Research Objective 1 Goal 1; and it involves the design of several spatial 
interpolation methods to disaggregate census tracts. Most of the spatial interpolation methods are 
dasymetric methods, except for simple areal weighting. The spatial interpolation methods are 
assessed for relative accuracy, and then the target zones from the most accurate method are 
employed in regression modeling as part of the second phase of analysis. The dasymetric 
mapping techniques implemented in this dissertation estimate population densities for areas 
smaller than census polygons. Disaggregating census areal units addresses homogeneity 
assumptions of areal units, and thus makes hazards exposure assessments more accurate. 
The second analysis phase, which assesses EJ implications of flood hazards and coastal 
water related amenities (Research Objective 2), is comprised primarily of several logistic 
regression models. Calculation of proximity to public beach sites is also part of the second 
analysis phase. Additionally, the second analysis phase includes Goal 2 of Objective 1, which is 
a comparison of EJ results from logistic regression models estimated from (a) tracts intersected 
with flood zones, with (b) inhabited parcels intersected with flood zones. Assessment of EJ 
implications estimated from tracts and parcels increases confidence in the results and 
conclusions, while also demonstrating effects of the MAUP in analyses results. Chapters 5 and 6 
summarize the data, methodology, and results associated with Goal 1 of Research Objective 1 
(spatial interpolation methods and their relative accuracies). The data, methodology, and results 
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for Research Objective 2 (EJ implications of flood hazards with indivisible amenities) and Goal 
2 of Objective 1 (comparing EJ analyses results from tracts and parcels) are presented in 
Chapters 7 and 8.   
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5. DATA AND METHODOLOGY: SPATIAL INTERPOLATION METHODS 
 
The intent of this dissertation research is to contribute methodologically to geographic 
information science (GIS) techniques of spatial interpolation, while also elucidating the 
environmental justice (EJ) implications of coastal and inland flood hazards with indivisible 
coastal water related amenities. This chapter describes the data and methodologies employed in 
Goal 1 of Research Objective 1. Goal 1 of Research Objective 1 is to execute several dasymetric 
spatial interpolation methods and to determine the most accurate method for estimating block 
group populations. The methodology for Goal 1 of Research Objective 1 is comprised of five 
GIS techniques of spatial interpolation, and the calculation of six error metrics for each 
technique. Goal 1 of Research Objective 2 is to assess the EJ implications of coastal and inland 
flood hazards, and Goal 2 of Research Objective 1 is to evaluate how the results of EJ analyses 
estimated from tracts differ from those estimated from the target zones of the most accurate 
dasymetric spatial interpolation method. The most accurate dasymetric method (determined in 
Goal 1 of Research Objective 1) disaggregates census tracts to inhabited parcels. Consequently, 
the methodology for Goal 2 of Research Objective 1 is estimating and comparing regression 
models using inhabited parcels as observations with models based on tracts as observations for 
the Miami MSA and its counties.  
5.1 Data for Research Objective 1 Goal 1: Spatial Interpolation and Dasymetric Mapping 
Goal 1 of Research Objective 1 is to implement several dasymetric mapping methods and 
to determine the most accurate method. Four dasymetric methods are implemented and 
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compared for accuracy: the binary method, three-class residential density method, Cadastral 
Expert Dasymetric System (CEDS), and an additional method developed herein called ECEDS 
(Enhanced Cadastral Expert Dasymetric System) (Mennis 2003; Mennis and Hultgren 2006; 
Maantay et al. 2007; Maantay and Maroko 2009). Simple areal weighting is done to serve as a 
benchmark to which the dasymetric methods are compared. It is expected that simple areal 
weighting will produce the least accurate block group population estimates since it does not 
employ dasymetric disaggregation techniques. 
Data used for Research Objective 1 originate from the U.S. Census Bureau, South Florida 
Water Management District (SFWMD), the Florida Department of Revenue (FDOR), and 
Broward, Miami-Dade, and Palm Beach counties’ GIS departments. Census tracts from the 2010 
census are the source units employed for dasymetric disaggregation, and census block groups are 
the smaller units used for accuracy assessments of the dasymetric outputs. Census tracts are used 
as the unit of analysis because they are the smallest areal units with the widest range of reliable 
socio-demographic attributes. Figure 5 depicts the 2010 census tracts for the entire study area. 
Census tract boundaries are constructed to encompass between 1,200 and 8,000 residents, with 
an average of 4,000 residents for most census tracts. Block groups are designed to have between 
600 and 3,000 residents, and never cross the boundaries of tracts (U.S. Census Bureau 2012). 
Table 1 in Chapter 3 summarizes the 2010 census populations for the entire Miami MSA and for 
each of its three counties. Both tracts and block groups layers were clipped by a common 
shoreline layer before any further analyses to ensure that the shoreward extent of the two layers 
is the same.  
The SFWMD provides the land use data in vector format with residential areas classified 
into high, medium, and low density. The land use data are derived from aerial photography with 
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a resolution of at least two feet per pixel and classified according to the SFWMD modified 
version of the Florida Land Use Cover and Classification System (FLUCCS) (FGDL 2014). The 
closest temporal match to the 2010 census was 2008-2009 land use data.  
 
 
Figure 5. 2010 census tracts of the Miami MSA. 
 
The cadastral data is provided by FDOR but it originates from county property 
appraisers, and it is updated and conveyed to FDOR annually. This cadastral data from FDOR 
has the required attributes to implement CEDS: residential units and livable area for each parcel. 
Although the CEDS procedure requires residential living area for parcels, the FDOR data has 
total livable area for all parcels and land use codes that can be used to identify residential parcels. 
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All this data from SFWMD, FDOR, and the U.S. Census Bureau was downloaded for free from 
the Florida Geographic Data Library (FGDL 2014). 
Previous research on parcel-level dasymetric mapping have utilized cadastral data from 
county property appraisers as ancillary data to intelligently disaggregate census polygons 
(Maantay et al. 2007; Mitsova et al. 2012). Before electing to utilize the FDOR data provided for 
download on the FGDL website as ancillary parcel data, many inquiries were made to Miami-
Dade, Broward, and Palm Beach counties’ GIS departments concerning their parcel data. An 
employee from Miami-Dade County indicated that they could not provide 2010 data and an 
employee from Broward County advised that the County’s data should be the same as that kept 
by FDOR. Although a GIS analyst from FDOR confirmed that the data housed by FDOR 
originates from county property appraisers, the quality of the parcel data has improved 
substantially since 2010 (email communication with Thomas Canter, July 2013). Consequently, 
the CEDS and ECEDS methods were executed and tested for accuracy using both 2010 and 2012 
parcel layers provided by FDOR and downloaded from the FGDL.  
To improve upon the accuracy of the CEDS method, address points were obtained from 
each county’s GIS department to implement the ECEDS method. A GIS analyst from Broward 
County warned that the Broward County address point shapefile is a work in progress and it is 
not published on their website for download, unlike those for Miami-Dade and Palm Beach 
counties. Points for condominiums were also obtained from the FDOR because condominium 
databases are maintained separately from the parcel data, but the address point layers from each 
of the counties have multiple points for multiunit parcels. Thus, the address point layers were 
assumed to contain a point for every residential unit, including condominiums.  
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5.2 Methodology for Research Objective 1 Goal 1 
5.2.1 Simple Areal Weighting 
 The most basic method of areal interpolation is simple areal weighting. This study 
utilizes the simple areal weighting method as a benchmark against which the dasymetric methods 
are evaluated. It is assumed to be the least accurate since the homogeneity assumption of areal 
units is not addressed via dasymetric disaggregation. However, simple areal weighting method is 
advantageous because it does not require any ancillary data and it is very simple to execute. 
Census tracts are the source zones and block groups are the target zones. Census tracts are 
overlaid with block groups, and block group populations are estimated by multiplying tract 
populations by the proportion of each tract’s area that is coincident with a block group (equation 
1). 
POPEstBlockgroup = POPTract * AREAblock group in tract / AREAtract     (1) 
where: POPEstBlockgroup = estimated block group population 
POPTract = census tract population 
AREAblock group in tract = area of block group that is coincident with tract 
AREAtract = area of tract 
5.2.2 Binary Dasymetric Method 
The first and most elementary dasymetric method employed is the binary method. The 
attributes of the 2008-2009 land use data from SFWMD are used to select only residential land 
uses, and all other non-residential areas are deleted from the layer to make the binary residential 
layer. Figure 6 shows the binary land use layer with the 2010 Miami MSA census tracts. 
Residential areas of tracts are the target zones in the binary method. The binary layer is overlaid 
with census tracts, non-residential areas are deleted, and then tract population counts are 
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redistributed to the inhabited areas of each tract. To assess accuracy, the binary layer is overlaid 
with block groups, and the estimated block group population is calculated according to Maantay 
et al. (2007), and compared to actual block group populations as shown in equation 2:  
POPBinary = POPTract * AREAblock group / AREAtract       (2) 
where: POPBinary = estimated block group population for residential areas only 
POPTract = census tract population 
AREAblock group = residential area of block group 
AREAtract = residential area of tract 
 
 
Figure 6. Binary land use layer depicting only residential areas of the Miami MSA. 
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5.2.3 Three-class Residential Density Dasymetric Method 
The three-class residential density method employed in this study is based on Mennis 
(2003), but modified for vector data. The three-class residential density method uses the same 
SFWMD 2008-2009 land use data as the binary method; except that high, medium, and low 
density residential areas are not aggregated into one residential layer. However, non-residential 
land uses are deleted from three-class residential ancillary data similar to the binary land use 
data. Figure 7 shows the three-class residential density land use data for the Miami MSA.  
 
 
Figure 7. Three-class residential density land use for the Miami MSA. Residential densities are 
classified into high, medium, and low density residential. 
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Unlike Mennis’ (2003) procedure that required the classification of remotely sensed 
raster data into urbanization density classes, this research employs vector data that has attributes 
for high, medium, and low density residential areas. So the dasymetric method employed in this 
research is called a residential density method instead of an urbanization density method. The 
target zones in this method are high, medium, and low density residential areas of tracts.  
There are two factors to calculate in the three-class residential density method: the 
population density for each residential density class for each county, and the proportion of each 
census areal unit’s area occupied by each residential density class. The population density for 
each residential density class for each county is based on an empirical sampling method 
conducted in one of three ways: centroid containment, polygon containment, or a certain 
proportion of each areal unit covered by a certain residential density class (Mennis 2003). The 
centroid containment sampling strategy selects tracts whose centroids fall within each residential 
density class and is accurate as long as populations are concentrated near the centroid of each 
tract. The polygon containment method selects all areal units completely contained by a 
residential density class to determine the population density for each density class. Polygon 
containment is probably the most accurate sampling strategy but the land use data employed in 
this research was such a fine scale that there were no census tracts that were completely 
contained by residential density classes. Using a certain proportion of areal units covered by a 
density class is problematic because it requires a subjective decision concerning the proportion 
area to use. Consequently, the centroid containment method is used. Once tract centroids are 
attributed to each residential density class in each of the three counties, populations and areas of 
tracts are summed to calculate population densities for each residential density class; and the 
population density fraction for each class is calculated in this manner: 
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PopDFRC = PopDRC / (PopDHC + PopDMC + PopDLC )     (3) 
where PopDFRC = population density fraction for residential density class R in county C 
PopDRC = population density (persons/10,000 m2 ) for residential density class R in 
county C 
PopDHC = population density (persons/10,000 m2 ) for residential density class H (high 
density) in county C 
PopDMC = population density (persons/10,000 m2 ) for residential density class M 
(medium density) in county C 
PopDLC = population density (persons/10,000 m2 ) for residential density class L (low 
density) in county C 
Table 5 shows the figures derived from centroid sampling and used in the computation of 
population density fractions for each residential density class in each county (equation 3).  
 
Table 5. Population density fractions for census tract centroids within each residential density 
class for each county in the Miami MSA. 
 
County Urban Class Population Area (m
2) 
Population 
density 
(persons/ 
10,000 m2) 
Sum 
density 
Population 
Density 
Fraction 
(%) 
Broward Low 60,086 101,412,855.01 5.92 47.57 12.46 
Broward Medium 744,616 381,084,874.08 19.54 47.57 41.08 
Broward High 374,408 169,374,851.41 22.11 47.57 46.47 
Dade Low 47,742 44,282,500.58 10.78 73.64 14.64 
Dade Medium 1,203,772 464,869,337.54 25.89 73.64 35.16 
Dade High 458,204 123,958,851.94 36.96 73.64 50.20 
Palm Beach Low 68,019 110,579,819.35 6.15 36.65 16.78 
Palm Beach Medium 501,180 403,502,676.96 12.42 36.65 33.89 
Palm Beach High 207,965 115,023,045.44 18.08 36.65 49.33 
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The second factor of the three-class residential density method, the area ratio, addresses 
the assumption that each census tract has equal proportions of each of the three residential 
density classes within them. It is calculated using equation 4: 
ARRT = (ART/AT) / 0.33         (4) 
where ARRT = area ratio for area of residential density class R in tract T 
ART = area of residential density class R in tract T 
AT = residential area of tract T 
After the three-class residential land use layer is overlaid with census tracts, the 
population density fractions for each residential density class in each county are computed. Then 
area ratios are calculated for every sub-area of disaggregated census tracts, and finally the total 
fractions are calculated. The total fraction is the product of the area ratio and population density 
fraction for each sub-area of each census tract, divided by the sum of the products of area ratios 
and population density fractions for all three residential density classes within a tract. Equation 5 
expresses this calculation: 
TFRTC = (PopDFRC * ARRT ) /  
[(PopDFHC * ARHT ) + (PopDFMC * ARMT ) + (PopDFLC * ARLT )]      (5) 
where TFRTC = total fraction of residential density class R in tract T and county C 
PopDFRC = population density fraction of residential density class R in county C 
ARRT = area ratio of residential density class R in tract T 
PopDFHC = population density fraction of high density residential class in county C 
ARHT = area ratio of high density residential class in tract T 
PopDFMC = population density fraction of medium density residential class in county C 
ARMT = area ratio of medium density residential class in tract T 
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PopDFLC = population density fraction of low density residential class in county C 
ARLT = area ratio of low density residential class in tract T 
Once total fractions for each sub-area of disaggregated census tracts are calculated, then the 
populations dwelling within each sub-area are estimated with the product of the tract population 
and the total fraction: 
PopRTC = TFRTC * PopTR          (6) 
where PopRTC = estimated population of residential density class R in tract T of county C 
TFRTC = total fraction of residential density class R in tract T and county C 
PopTR = census tract population 
It is important to note that the binary and three-class residential density methods are not 
pycnophylactic or volume-preserving (Tobler 1979), because portions of tracts that are not 
residential are deleted. If an entire census tract does not coincide with any residential area, then 
that census tract and its associated population are removed from the analysis. The residential 
attributes of the ancillary data used in both the binary and three-class residential land use layers 
are based on the same data provided by SFWMD. Therefore, the same tracts that are removed in 
the binary dasymetric method are also removed in the three-class method. To assess the accuracy 
of the three-class residential dasymetric output, block groups are overlaid with the tract-based 
dasymetric target zones, and then populations are aggregated to the block group level. Absolute 
differences between block group census populations and estimated populations are calculated.  
5.2.4 CEDS Method 
The third dasymetric method tested in this study is based on Maantay et al.’s (2007) 
Cadastral Expert Dasymetric System (CEDS). The target zones in the CEDS method are 
inhabited parcels. First, the 2010 and 2012 parcel layers for each of the three counties in the 
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study area were downloaded from the Florida Geographic Data Library (FGDL 2014). The 
parcel layer has attributes for residential units and livable area per parcel, which are required to 
implement CEDS. The parcel data also has FDOR use codes which represent land use codes that 
can be used to identify residential parcels. First, numerous unnecessary fields of the parcel data 
layer are deleted and then fields for tract identification number and tract population are added to 
the block group layer. It is easy to add tract information to a block group layer using an attribute 
table join in ArcGIS, because the corresponding tract identification number for each block group 
is the first 11 characters of each block group identification number. Block groups are derived 
from sub-areas of tracts and always nested within tracts, so a block group never crosses the 
boundary of a census tract. Next, a spatial join is implemented in ArcGIS between block groups 
and parcels, with parcels as the target features so that all parcels are preserved. Since the 
additional fields for tract information are added to the block group layer, computer processing 
time is reduced because the spatial join to tracts is unnecessary. The next step is to calculate the 
number of residential units (RU) and residential living area (RA) for each parcel, block group, 
and tract. Based on census populations, the estimated parcel populations are calculated with 
equation 7: 
PopP  = PopC * UP / UC         (7) 
where PopP = estimated parcel population 
PopC = census tract or block group population 
UP = RU or RA per parcel 
UC = RU or RA per census tract or block group 
 For the sake of testing the accuracy of CEDS, only tract based population estimations are 
employed so that they can be aggregated to block groups and compared to actual block group 
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populations. Alternatively, the actual implementation of CEDS requires block group based 
estimations. If block group based population estimations are employed for accuracy assessment, 
they would artificially inflate error metrics if compared to actual block group populations 
because all absolute differences would be zero. Although census blocks are smaller than block 
groups and could be used to assess accuracy of block group based estimations, it is not advisable 
to utilize blocks for accuracy assessments because the population data is sometimes suppressed 
to protect confidentiality of residents (U.S. Census Bureau 2010). Thus, it cannot be known if a 
block with a zero population is truly zero or if data are suppressed.  
 For each parcel target zone, populations are estimated based on the number of residential 
units (RU) per parcel and the total living area (RA) within each parcel. As stated, residential 
living area is not an attribute of the parcel data but residential parcels are identified based on 
FDOR land use codes in the attribute data. However, a trial run of CEDS using only residential 
parcels yields very low accuracy, thus the data quality of the FDOR land use codes is deemed 
questionable. As a result, all parcels are utilized in the CEDS procedure. Another reason not to 
discard parcels from analysis based on non-residential FDOR use codes is because parcels with 
primary use codes that are not residential sometimes have residential units.  
 Applying equation 7 to the spatial join output layer of parcels and block groups results in 
four parcel level population estimations: tract RU, tract RA, block group RU, and block group 
RA. To assess the accuracy of CEDS, tract RU and RA parcel population estimates are summed 
to block groups, and the absolute differences between block group actual and estimated 
populations are calculated. Then the expert system chooses the RU or RA population estimates 
with the lower absolute differences for each block group. For actual implementation of CEDS 
(not accuracy assessment), block group-based population estimates are utilized (equation 7 with 
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block group data). This CEDS procedure is done with tract based estimations with both 2010 and 
2012 parcel data to compare accuracy. The 2010 parcel layer is the best temporal match to the 
2010 census data, but as stated, the quality of the data had improved substantially since 2010.   
5.2.5 ECEDS Method 
To improve on the CEDS method described above, the Enhanced Cadastral Expert 
Dasymetric System (ECEDS) is developed. Inhabited parcels are also the target zones in the 
ECEDS method, but parcel population is estimated from an expert decision system with three 
options. The output of the spatial join between block groups and parcels used in the CEDS 
method is spatially joined to address points, which are obtained from each of the Miami MSA 
counties’ GIS departments. The address points are used for the third option of the ECEDS. In 
addition to parcel population estimates based on residential units and living area, parcel 
population is also estimated from the number of address points per tract or block group as in 
equation 8.  
PopPAddPt  = PopC  / UC         (8) 
where PopPAddPt = estimated parcel population based on address points 
PopC = census tract or block group population 
UC = address points per census tract or block group 
 Implementation and accuracy assessment methods are very similar to those used for 
CEDS. For accuracy assessment, address point population estimates are calculated from tract 
populations, then aggregated and compared to block group populations. For implementation, 
address point population estimates are based on block group data. The ECEDS procedure was 
done with both 2010 and 2012 parcel data.  
 60 
 
Accuracy is assessed for simple areal weighting method and all dasymetric methods with 
six different metrics: mean absolute errors, mean percent difference, R-squared values and 
standard errors from simple linear regressions between actual and estimated populations 
(Maantay et al. 2007), root mean square errors (RMSE), and coefficient of variation (CV) (Fisher 
and Langford 1995; Eicher and Brewer 2001; Tapp 2010). For all methods, tracts are the source 
units that are disaggregated and then aggregated back to block groups, and estimated and actual 
block group populations are compared in each of the error metrics. Mean absolute errors are 
calculated from the absolute differences between actual and estimated block group populations 
for all block groups; and percent difference is the sum of all block group absolute errors divided 
by the census population for the study area. RMSE is the square root of the mean of the squared 
differences between actual and estimated block group populations for each tract; and CV is the 
RMSE divided by the average block group population within each tract. Linear regressions of 
actual and estimated block group populations R-squared values and standard errors are computed 
with IBM SPSS Statistics 22 statistical software. The ways in which a tract’s population is 
redistributed by the binary land use, three-class residential density, parcel residential units (RU), 
parcel residential area (RA), and address points is illustrated in Figure 8 (see page 62). 
The ECEDS method produces the most accurate block group estimates of population, so 
the block group ECEDS population estimates are joined to the inhabited parcels shapefile for the 
Miami MSA so that parcel-level populations can be calculated. Parcel populations are based on 
whether RU, RA, or address points produce the ECEDS population estimates. Parcel populations 
are calculated as the number of RU, RA, or address points per parcel multiplied by block group 
population and divided by the number of RU, RA, or address points per block group. In some 
cases, all block group population estimates based on RU, RA, and address points are the same; 
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so a decision is required concerning which field to use to estimate parcel populations. This is 
because the corresponding RU, RA, and address points for these parcels produce different 
results. There are 134 of 1,426,329 inhabited parcels that require a decision between address 
points, RU, and RA. Since address points generally produce the best accuracies of the three 
components of ECEDS, address point estimates are used to populate the parcel populations for 
these 134 parcels. There are 2,241 parcels that require a decision between RU and RA and since 
RU is more accurate than RA estimates, these parcels are assigned population estimates based on 
RU per parcel. After these calculations, there are some parcels classified as inhabited that have 
an estimated population of zero. As stated above, inhabited parcels are those that have a non-zero 
value for either RU, RA, or address points. For example, a block group may have RU produce 
the most accurate population estimate. But, if a parcel within that block group has no RU in it, 
then it has an estimated population of zero. After calculating parcel population estimates, there 
are 89,040 inhabited parcels of 1,426,329 with zero population, which results from the most 
accurate method (RU, RA, or address points) having a value of zero for parcels. After assessing 
the differences between the total actual population for the whole Miami MSA and what is 
already calculated for parcels, and calculating what the total estimated population would add up 
to for each of three parcel estimates, all of these parcels are attributed with parcel population 
estimates based on address points. Although RA-based estimates would bring the total estimated 
population closer to the actual value, address point-based estimates are used since they produce 
the most accurate estimates of block group population of the three interpolation methods of 
ECEDS. 
This concludes the methodology for spatial interpolation methods (Goal 1 of Research 
Objective 1). The next chapter (Chapter 6) details the results of the six error metrics for all 
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spatial interpolation methods for the entire Miami MSA and for each of its three counties. A 
detailed discussion of geospatial error distribution in the context of previous research is also part 
of Chapter 6. 
 
 
Figure 8. Hypothetical example of a census tract and how the binary land use, three-class 
residential density, parcel residential units (RU), parcel residential area (RA), and address point 
dasymetric interpolation methods redistribute population within the tract. Populations in each 
dasymetric zone of the three-class residential density method are dependent on the population 
density fractions and area ratios calculated for each residential density class in each county. 
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6. RESULTS AND DISCUSSION: SPATIAL INTERPOLATION METHODS 
 
 The methodology implemented in the first phase of analysis is designed to contribute to 
geographic information science (GIS) research of dasymetric mapping and spatial interpolation. 
Several spatial interpolation techniques are implemented, compared, and evaluated in this first 
analysis phase. These techniques estimate population densities in small areas, which is useful for 
a multitude of applications in quantitative human geography. This chapter presents and discusses 
the results for Goal 1 of Research Objective 1. Research Objective 1 Goal 1 is to use several 
dasymetric spatial interpolation methods to disaggregate census tracts and to determine the most 
accurate method for estimating block group populations. Simple areal weighting is used as a 
benchmark to which all other methods are compared for accuracy. It is expected that simple areal 
weighting yields the least accurate block group population estimates, because tracts are not 
disaggregated with ancillary data, as with all the dasymetric methods. The methodology 
implemented for Research Objective 1 Goal 1, as explained in Chapter 5, is designed to test 
Hypothesis 1. Hypothesis 1 states that an expert cadastral dasymetric system is the most accurate 
of the dasymetric spatial interpolation methods tested herein for estimating block group 
populations from tracts. 
6.1 Relative Accuracies of Methods 
Five spatial interpolation methods are implemented and compared for accuracy: simple 
areal weighting, binary method, three-class residential density method, the Cadastral Expert 
Dasymetric System (CEDS), and the Enhanced Cadastral Expert Dasymetric System (ECEDS). 
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All methods are dasymetric techniques except for simple areal weighting. In every method, 
census tracts are disaggregated and then reaggregated to block groups to estimate block group 
populations. Accuracy is assessed by comparing the estimated block group populations to actual 
block group populations using six different metrics for error measurement: mean absolute errors, 
mean percent difference, R-squared values and standard errors from simple linear regressions 
between actual and estimated populations, root mean square errors (RMSE), and coefficient of 
variation (CV). The results of the six error metrics for simple areal weighting and each of the 
four dasymetric methods for the entire Miami MSA appear in Table 6. Error metrics for the 
components of CEDS and ECEDS, which are parcel residential units (RU), parcel residential 
area (RA), and address points, are also included in Table 6. Although the 2010 parcels are a 
temporal match to the 2010 census data, dasymetric methods requiring parcel data used the 2012 
parcel dataset. This is because accuracy is consistently lower with 2010 parcel data than the 2012 
data based on all error metrics for the Miami MSA and each of its counties. Figure 9 is a column 
chart depicting the mean absolute differences between actual and estimated block group 
populations for each interpolation method for the Miami MSA. Figure 10 shows scatterplots of 
simple linear regressions between actual and estimated block group populations for simple areal 
weighting and dasymetric interpolation methods that employ only one ancillary data layer for the 
Miami MSA.  
To further investigate how each dasymetric method performed, the six error metrics are 
presented for each interpolation method for each county of the Miami MSA in Table 7. Figures 
11 and 12 are column charts showing linear regression R-squared values and standard errors for 
each county, respectively. Of the three counties, errors for all interpolation methods are highest 
for Miami-Dade. The ECEDS method provides more accurate estimates compared to all other 
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methods, including the CEDS for the entire Miami MSA and each county. This supports 
Hypothesis 1, which states that a cadastral dasymetric mapping method with an expert system 
results in the most accurate estimates of population densities across the Miami MSA study area. 
Thus, the dasymetrically produced target zones from ECEDS are employed in the analyses for 
Research Objective 1 Goal 2. These analyses involve comparisons of logistic regression models 
based on tracts and inhabited parcels from the ECEDS as dependent variables. 
 
Table 6. Mean error metrics for spatial interpolation methods for the Miami MSA. 
  
  
Absolute 
Error 
Percent 
Difference 
R -
squared 
Standard 
Errors RMSE CV 
Simple areal weighting 490.850 30.167 0.493 641.175 278.406 0.172 
Binary land use 355.616 21.856 0.687 503.449 202.400 0.130 
Three-class residential 
density 307.969 18.928 0.758 443.041 174.978 0.114 
Parcel RU 364.928 22.428 0.657 527.133 208.581 0.142 
Parcel RA 453.447 27.869 0.598 571.206 257.864 0.171 
Address Points 325.648 20.014 0.709 485.342 183.704 0.118 
CEDS 268.133 16.479 0.769 432.374 153.015 0.104 
ECEDS 170.502 10.479 0.890 298.991 96.500 0.063 
 
  
Figure 9. Mean absolute errors for each interpolation method for the entire Miami MSA. 
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(b) 
(d) (a) 
(c) (f) 
(e) 
Figure 10. Simple linear regression lines for the Miami MSA for all interpolation methods 
that employ one ancillary data layer. R square values and regression coefficients of estimated 
block group populations from (a) simple areal weighting; (b) binary land use method; (c) 
three-class residential density method; (d) parcel residential units (RU); (e) parcel residential 
area (RA); and (f) address points. 
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Table 7. Mean error metrics for spatial interpolation methods for the counties of the Miami 
MSA.  
 
  
Absolute 
Error 
Percent 
Difference 
R 
square 
Standard 
Errors RMSE CV 
Broward             
Simple areal 
weighting 477.645 25.685 0.600 680.675 276.842 0.151 
Binary land use 342.080 18.395 0.791 492.096 199.688 0.110 
Three-class 
residential density 292.102 15.707 0.849 418.734 170.374 0.095 
Parcel RU 340.966 18.335 0.779 506.544 199.047 0.111 
Parcel RA 456.075 24.525 0.678 610.823 263.699 0.149 
Address Points 296.869 15.964 0.838 433.067 174.196 0.098 
CEDS 246.670 13.264 0.860 403.381 143.300 0.078 
ECEDS 148.304 7.975 0.950 240.509 85.756 0.048 
Miami Dade             
Simple areal 
weighting 509.002 32.500 0.429 628.571 276.842 0.180 
Binary land use 373.794 23.867 0.619 513.501 204.576 0.142 
Three-class 
residential density 328.733 20.990 0.691 462.808 180.065 0.126 
Parcel RU 391.306 24.985 0.541 563.733 216.358 0.151 
Parcel RA 487.143 31.105 0.509 582.931 267.745 0.183 
Address Points 400.497 25.572 0.558 553.147 218.751 0.146 
CEDS 292.148 18.654 0.676 473.838 161.069 0.112 
ECEDS 206.214 13.167 0.811 361.657 113.531 0.077 
Palm Beach             
Simple areal 
weighting 472.204 31.692 0.422 576.309 282.879 0.181 
Binary land use 337.273 22.636 0.599 480.271 201.362 0.131 
Three-class 
residential density 287.448 19.292 0.693 420.123 170.710 0.111 
Parcel RU 342.895 23.013 0.675 431.974 204.703 0.161 
Parcel RA 390.037 26.177 0.617 469.325 233.896 0.173 
Address Points 221.520 14.867 0.827 315.001 130.737 0.090 
CEDS 247.700 16.624 0.783 352.780 148.834 0.115 
ECEDS 129.804 8.712 0.936 191.945 77.259 0.054 
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Figure 11. R-squared values for linear regressions of actual and estimated block group 
populations in each county of the Miami MSA for each interpolation method. 
 
 
 
Figure 12. Standard errors of linear regressions of block group population estimates for each 
interpolation method for each county of the Miami MSA. 
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6.2 Discussion of Results 
Congruent with Hypothesis 1 (H1), the ECEDS is the most accurate dasymetric method 
based on all error metrics, and the simple areal weighting method is the least accurate spatial 
interpolation method for the entire Miami MSA and each of its three counties. The superior 
performance of the ECEDS compared to all other dasymetric methods for the entire Miami MSA 
and each county is expected. However, an unanticipated result is the accuracy of the three-class 
residential density dasymetric method, especially as compared to the results of CEDS. Miami-
Dade County has more accurate results from the three-class residential density method than 
CEDS, but only according to regression R-squared values and standard errors. For dasymetric 
methods that employ only one ancillary data layer (not CEDS or ECEDS), the three-class 
residential density method is more accurate than parcel residential units (RU) or residential area 
(RA) methods for all counties based on all error metrics. However, for Palm Beach County, 
address points dasymetric interpolation is the most accurate method that utilized only one 
ancillary data layer. A polygon eliminate function was executed in ArcGIS with the parcels of 
each county to identify any overlapping parcels, which would lead to overestimations of 
populations. Surprisingly, there were over 300 overlapping parcels in Palm Beach County, but 
none in the other two counties. This explains the poor performance of the cadastral data in Palm 
Beach County relative to the address points.  
Almost all error metrics for Miami-Dade County indicate that dasymetric interpolations 
based on parcel RU, RA, and address points alone are less accurate than those for Broward and 
Palm Beach Counties. The issues with accuracy in Miami-Dade County are probably due, in 
part, to lower data quality of Miami-Dade parcel and address point data. Miami-Dade County has 
the largest population of the three counties, and it can be assumed that with greater population 
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and numbers of parcels and address points in a dataset, the likelihood for errors increases. 
However, a more salient factor than population size is variations in population density. Miami-
Dade County has a very wide range of population densities among tracts, as observed in Figure 7 
based on the tracts’ sizes. All three counties in the Miami MSA have a larger proportion of the 
population concentrated in the coastal areas, with a comparatively smaller proportion located in 
tracts in the western section of each county. Tracts in the western area of the three counties of the 
Miami MSA are mostly agricultural or national preserves, such as the Everglades National Park 
in Miami-Dade County. Miami-Dade County also shows the greatest mean absolute error and 
percent difference for simple areal weighting. This is indicative of a wide range of population 
densities within tracts in Miami-Dade County, because the accuracy of simple areal weighting 
would improve if block groups within each tract were of uniform size and shape.  
The performance of an expert system dasymetric system such as CEDS and ECEDS 
should improve as the number of options for estimated population increases. The bulk of 
previous research on the performance of dasymetric mapping techniques do not implement 
expert systems with multiple data fields to choose from for accurately modeling population 
densities. Most previous studies have employed singular data layers and attributes to interpolate 
socio-demographic units, and decisions concerning the trade-off between computational 
complexity and accuracy of a dasymetric model are dependent on the analysts and their research 
goals. This research makes no use of land use codes that are part of the attribute data of the 
parcel layers since this drastically reduces the accuracy of dasymetric outputs. 
Presenting error metrics that are aggregated to the entire Miami MSA or any of its three 
counties does not allow identification of trends in errors that may be related to block group 
characteristics. Visual inspections of thematic maps of block group absolute errors do not reveal 
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patterns observed by previous researchers. For example, Reibel and Buffalino (2005) observed 
greater errors in less populated areas. Eicher and Brewer (2001) and Zandbergen (2011) posit 
that dasymetric methods sometimes perform poorly in transitional zones between rural and urban 
areas. Population densities for block groups in this study area are calculated, and the highest and 
lowest 10 percent of block groups for population density are examined. There are no apparent 
relationships between the highest and lowest values of population densities and performance of 
dasymetric method, based on block group absolute errors.  
Thematic maps are provided to illustrate and identify any geographic or statistical trends 
in error metrics and block group characteristics. Figure 13 shows block groups classified into 
categories based on whether the ECEDS method overestimated or underestimated their 
populations, according to absolute errors between actual and estimated block group populations. 
Inspection of the map at a larger scale reveals that adjacent block groups within the same tract 
are over- and underestimated, so that the sum of the absolute differences of block group 
populations within one tract are zero, since the method estimated populations from tracts. 
Extreme values of absolute errors from the ECEDS method are shown in Figure 14, with the top 
decile of block group population overestimation shown in yellow, and the top decile of block 
group population underestimation in red. Contrary to previous research, there are no apparent 
trends in block group errors with respect to population density or proximity to a rural/urban 
interface.  
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Figure 13. Block groups from the ECEDS method with over- and underestimated populations. 
 
To further explore any possible trends in the errors for block groups, each block group is 
assigned a rank value based on absolute errors for each dasymetric interpolation method, 
following Zandbergen (2011) and Zandbergen and Ignizio (2010). The CEDS and ECEDS 
methods are not included in the ranking procedure because they are based on a combination of 
values from parcel RU, parcel RA, and parcel address points. Of the 25 block groups with 
ECEDS percent errors over 100 percent, simple areal weighting ranks best for nine of those 
block groups, two block groups indicate best performance from the binary method, and five 
show best performance from the three-class residential density method. As many as 24 of the 25 
block groups with percent difference over 100 percent are located in Miami-Dade County, and 
they are highlighted in cyan in Figure 15. The 24 block groups with percent differences over 100 
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percent in Miami-Dade County are all overestimates. The other block group with percent 
difference greater than 100 percent is located in Palm Beach County. Zandbergen (2011) 
explains that a lack of apparent relationships between dasymetric errors and block group 
characteristics is symptomatic of heterogeneous geospatial relationships between ancillary data 
and block groups. Thus, the lack of geospatial patterns in error distribution is attributed to the 
ancillary data. Since 24 of the 25 block groups with percent error over 100 percent occur in 
Miami-Dade County, it can be concluded that the quality of parcel and address points data layers 
for Miami-Dade County is poor relative to that of the three-class residential density ancillary 
layer. 
 
 
Figure 14. Top deciles of block group population overestimation and underestimation based on 
absolute errors from the ECEDS method. 
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Figure 15. Block groups symbolized according to over- or underestimation of populations from 
the ECEDS method. Block groups with a percent difference greater than 100% are highlighted. 
 
The 24 block groups in Miami-Dade County with the poorest performance in terms of 
percent errors are visually inspected in conjunction with parcel data and high resolution 
orthophotography. These overestimated block groups are characterized by either dense 
concentrations of multifamily residential structures or mixed parcel land use codes. Residents 
living in one unit of a multifamily structure are usually fewer in number than those residing in 
single family homes (Zandbergen 2011), which probably explains some of the 24 overestimated 
block groups. When parcel RU, parcel RA, and address points are all weighted equally 
depending on the numbers of RU, RA, and address points within tracts or block groups, both 
multifamily units and single family homes in the same census unit are weighted equally. Further, 
since all parcels with non-zero RU or RA and address points in the study area are utilized in the 
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dasymetric disaggregation methods and not selected based on residential land use codes, 
populations will be overestimated in census units with a heterogeneous mix of land uses. As 
explained in the methodology of CEDS and ECEDS in Chapter 5, parcels with non-residential 
primary use codes do not necessarily have zero residential units. The address point datasets used 
in this research do not have land use codes designating them as residential and non-residential.  
This research contributes to the small body of existing knowledge on dasymetric mapping 
based on expert decision systems, parcel data, and address points. However, there are limitations 
in this study that can be addressed in future work. Since land use codes from parcel data severely 
reduces the accuracy of parcel based interpolations, they cannot be used to improve the accuracy 
results of the parcel based interpolations for the Miami MSA. The poor performance of address 
points alone relative to the three-class residential density method (in Broward and Miami-Dade 
Counties) is unexpected and leads to the assumption that that the address point datasets are also 
inaccurate. But, a GIS analyst from Broward County said that their address point dataset was 
work in progress. Conversely, the errors associated with address point interpolations may be a 
consequence of the homogenous weights applied to address points within the same census unit. 
Since the three-class residential density method performs comparatively well, the address point 
dataset can be attributed with residential densities and then weighting schemes can be developed 
to improve accuracy of dasymetric outputs. Vacancy rates from census tracts can also be 
employed to improve estimates based on address points and parcels, especially since the extreme 
block group errors are all overestimations (Mitsova et al. 2012).  
Another important limitation is the different sources of the datasets used in this research. 
Parcel data and address points for each county in this study area originate from each county’s 
offices. While there are data standards imposed by the FDOR for the parcel data, it is impossible 
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to know how closely each county’s parcel data match what census enumerators recorded in the 
2010 census. Address points are collected with different methodologies among the different 
counties. Identifying the reasons for the differences in accuracy results for parcel and address 
point interpolations between the three counties is therefore difficult. Future research can focus on 
a single county to improve our understanding of how various ancillary data sets influence the 
accuracy of dasymetric mapping methods.  
A problem of the CEDS and the ECEDS methods implemented herein is that the parcel 
data were assumed to be highly accurate and without topological problems such as overlapping 
parcels. As explained above, there were many overlapping parcels within Palm Beach County. A 
straightforward method of improving the accuracy of these two cadastral based methods is to 
perform some preliminary analyses on the parcel data. A polygon eliminate function could be 
run in ArcGIS that would identify any overlapping polygons; and a polygon dissolve could be 
implemented to merge tiny slivers of polygons with adjacent polygons. Another viable approach 
would be employing decision trees for expert dasymetric applications. A decision tree could be 
built with several parameters and thresholds that are developed for various ancillary data layers 
used for dasymetric disaggregation, as Platt (2012) has done. Additionally, this dissertation 
research is based exclusively on vector data. Remotely sensed data in raster format could also be 
used as ancillary data for dasymetric mapping. For example, previous researchers have used 
impervious surfaces and nighttime lights (Zandbergen and Ignizio 2010). Furthermore, some 
have posited that development of population density grids is advantageous over discrete vector 
areal units because grid data are better combined with disaggregated land use or other ancillary 
data (Tobler 1975, 1979; Goodchild et al. 1993; Langford and Unwin 1994; Martin et al. 2000; 
Yoo et al. 2008).  
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6.3 Chapter Summary 
Interpolating population densities for small areas via dasymetric mapping continues to be 
an important research effort, as there are numerous GIS-based analyses of socio-demographic 
data that require interpolations within the boundaries of census units. The findings associated 
with the parcel data set suggest that there is a trade-off between geospatial and attribute 
accuracy. Although the cadastral data may be the most accurate geospatial representation of how 
and where parcels are delineated, the attribute data are questionable. This could be due to 
attribute inaccuracy or differences in how the county property appraisers’ offices maintain the 
data. It could also be due to substantial changes in residential areas that were recorded by the 
census, but not included in the parcel level data. Parcel data are usually based on building 
permits and unpermitted structures may not be reflected in the datasets. Furthermore, dasymetric 
interpolation using address points proves to be a very accurate and more straightforward 
technique than cadastral based methods. Areal calculations are not required with address point 
data. Increasing numbers of local governments are creating and maintaining GIS databases of 
address points, thus dasymetric applications with address points may continue to increase in 
research and in practice. Additionally, the unexpected accuracy of the three-class residential 
density method demonstrates that the ancillary land use data is highly accurate for estimating 
2010 block group populations from tracts. Consequently, land use data are appropriate for 
dasymetric mapping of residential populations and assumptions concerning extent of the data and 
accuracy should not be made.   
Empirical knowledge on dasymetric mapping is still limited in comparison to its 
uncertainties. As ancillary data quality improves over time, reasons for differences in research 
results from different study areas will become easier to explain and understand. Nevertheless, 
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residential hazards exposure research is enhanced with dasymetric spatial interpolation methods 
that disaggregate census areal units of socio-demographic data to small units. Because the 
boundaries of hazards exposure areas rarely match those of census areal units, buffer 
containment methods of estimating those at risk of floods are more accurate with small units of 
residential socio-demographic data. Small units address aggregation bias arising from the 
modifiable areal unit problem (MAUP) and homogeneity assumptions of areal units. 
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7. DATA AND METHODOLOGY: ENVIRONMENTAL JUSTICE IMPLICATIONS OF FLOOD HAZARDS 
 
 This chapter explains the data and methodology associated with Research Objective 2, 
which is an assessment of the environmental justice (EJ) implications of flood hazards and their 
indivisible water related amenities. Goal 1 of Research Objective 2 pertains to flood hazards, 
while Goal 2 involves assessment of coastal water related amenities. Analyses for Goals 1 and 2 
are undertaken concurrently with logistic regression models. The dependent variables denote the 
type of flood risk being investigated (Goal 1), and control variables of percent seasonal homes 
and proximity to public beach access sites are used to assess indivisible water related amenities 
(Goal 2). Tracts are used in the regression analyses for research Objective 2; and inhabited 
parcels from the Enhanced Cadastral Expert Dasymetric System (ECEDS) method are used in 
similar regression analyses for Goal 2 of Research Objective 1. Logistic regression models are 
estimated for each type of flood hazard examined based on tracts, and the same dependent and 
independent variables are used for models based on parcels. This is done to assess how a spatial 
interpolation method affects EJ analyses results (Goal 2 of Research Objective 1), and more 
broadly, to demonstrate how the modifiable areal unit problem (MAUP) affects EJ analyses 
results.   
7.1 Data for Research Objective 2 Goal 1: EJ Implications of Coastal and Inland Flood 
Hazards 
Geographic data used for Research Objective 2 include the 2010 census tracts for the 
Miami Metropolitan Statistical Area (MSA) from the U.S. Census Bureau and flood zones from 
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the Federal Emergency Management Agency’s (FEMA) National Flood Hazard Layer (NFHL) 
in shapefile format. Census tracts are used as the unit of analysis for both goals of Research 
Objective 2 because they are the smallest areal units with the widest range of socio-demographic 
attributes. Both shapefiles are downloaded from Florida Geographic Data Library (FGDL). The 
data published by FEMA in their NFHL is used to spatially define coastal and inland flood 
hazard zones in the Miami MSA. For this dissertation research, FEMA flood zones are 
categorized into coastal 100-year flood zones, inland 100-year flood zones, and areas outside 
100-year flood zones. Flood hazard zones with 100-year return intervals, also defined as floods 
that have a 1 percent chance of occurring every year, are the most appropriate depictions of flood 
hazards because owners of property with federally insured mortgages within these areas are 
mandated to purchase flood insurance provided by FEMA. Previous research on flood hazards in 
the U.S. have also utilized 100-year flood zones to examine social vulnerability to floods 
(Maantay and Maroko 2009; Brody et al. 2013; Chakraborty et al. 2014). Floodplain 
management activities such as the construction of homes, businesses, and flood control structures 
such as dams and levees are carried out with the 100-year floodplain as a construction standard 
(FEMA 2014).  
This dissertation employs all V and VE flood zones to represent coastal 100-year flood 
hazard areas, which correspond to areas with wave action hazards three feet or more on top of 
base flood elevations, and comprise the Coastal High Hazard Areas in the NFHL data (FEMA 
2014). Base flood elevations are the heights that water will rise due to a 100-year flood, because 
a base flood is a 100-year flood (FEMA 2014). Inland 100-year flood hazard zones include all 
AE and AH zones that have base flood elevations derived from detailed hydraulic studies. The 
locations of these coastal and inland flood zones in this MSA are depicted in Figure 16. Five-
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hundred year flood zones, areas with little or no flood hazards, and areas with unknown or 
undetermined flood hazards are classified as areas outside 100-year flood zones. Although A 
flood zones are also considered 100-year flood zones, they are excluded from all analysis 
because the accuracy of A zones is uncertain. A flood zones are delineated without detailed 
hydraulic studies, so there are no base flood elevations given in A zones (FEMA 2014). The 
flood zones data for Miami-Dade County was updated in 2010, while that for Broward and Palm 
Beach Counties was created in 1996. These are currently the best available flood hazard data for 
the Miami MSA.  
 
 
Figure 16. FEMA NFHL data on flood hazard zones in the tri-county study area. 
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It  must be noted that although this dissertation refers to flood hazard zones as coastal and 
inland, coastal flood zones are not limited to open ocean coastal areas. Coastal flood zones, 
comprised of V and VE zones, are areas defined according to possible wave action hazards of 
three feet or more on top of still water 100-year flood elevations (FEMA 2014). As explained 
earlier, areas adjacent to Lake Okeechobee are within V zones and are thus classified as coastal 
flood zones. Further, three feet of wave action hazards on top of still water 100-year flood levels 
is very high and this is partly why coastal flood zones are so narrow and small in extent relative 
to inland flood zones. On the other hand, inland flood zones from FEMA’s NFHL include areas 
that could be subject to wave action hazards below three feet on top of still water 100-year flood 
levels.  
Socio-demographic data utilized in regression analyses originate from the 2010 census 
and 2007-2011 American Community Survey (ACS) 5-year estimates and were downloaded 
from American Fact Finder website (U.S. Census Bureau 2012). Cadastral data employed in the 
ECEDS method used for parcel level analyses in the Miami MSA and its counties originates 
from 2012 Florida Department of Revenue (FDOR) data, and was downloaded from FGDL. 
Address points used in the ECEDS method were obtained from each of the Miami MSA three 
counties’ geographic information systems (GIS) departments. 
7.2 Data for Research Objective 2 Goal 2: EJ Implications of Coastal Water Related 
Amenities 
Goal 2 of Research Objective 2 is to assess the EJ implications of the indivisible 
amenities associated with coastal areas. Coastal water related amenities are represented with 
tract-level percentages of seasonal homes, provided in the ACS 5-year estimate data; and 
proximity to public beach access sites, which is calculated herein. Seasonal homes are vacant 
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homes that are classified for seasonal, recreational, or occasional use; commonly referred to as 
vacation homes. Although seasonal homes are not restricted to coastal areas, the Miami MSA is 
an important destination for beach tourism and thus it is expected that seasonal homes are 
concentrated in coastal areas. Previous researchers have also employed percent seasonal homes 
as a proxy for coastal amenities (Chakraborty et al. 2014). Proximity to public beach access sites 
is calculated using only sites that access the Atlantic Ocean and its coastline. While inland 
streams and rivers may also offer water related amenities, they are beyond the scope of this 
research. Therefore, percent seasonal homes and proximity to public beach access sites are called 
coastal water related amenities for the purposes of this dissertation. Point locations in shapefile 
format for public beach access sites were downloaded from Florida Department of 
Environmental Protection (FDEP) MapDirect web interface (FDEP 2014). The data originates 
from the Coastal Aquatic Managed Areas Bureau of FDEP and has incomplete attribute data 
such as parking spaces at sites, and amenities such as bathrooms, showers, and pavilions. 
Atlantic Ocean shoreline data was downloaded from FGDL. Block centroids based on 2010 
census blocks were also downloaded from FGDL, and are used in the computation of tract-level 
proximity to public beach access sites in a methodology adapted from Wen et al. (2013) and 
Zhang et al. (2011). 
7.3 Methodology for Research Objective 2 Goals 1 and 2 
7.3.1 Tract-level Analysis: Flood Zones Designation 
To assess the EJ implications of coastal and inland 100-year flood hazards, 2010 census 
tracts are overlaid with the FEMA flood zone data. As stated above, the FEMA flood zones are 
classified into coastal 100-year flood zones, inland 100-year zones, and areas outside 100-year 
flood zones (Figure 16). To ensure that estimates are stable, only tracts with total populations of 
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at least 500 persons and no missing neighborhood deprivation index data are included in all 
regression analyses.  
For the tract-level models, there are three sets: one for coastal flood risk, one for inland 
flood risk, and one for areas of no flood risk. Areas of no flood risk correspond to areas outside 
100-year flood zones. The dependent variables for every model are binary, with a value of 1 for 
tracts intersected by the flood risk zone being modeled, and 0 for tracts not intersected by the 
flood risk zone in question. Flood zone designations for tracts and parcels are mutually 
exclusive. First, all tracts and parcels that intersect coastal flood zones are classified as at risk to 
coastal flooding. Then, tracts and parcels that intersect inland flood zones that are not already 
classified at risk to coastal flooding are designated as exposed to inland flood risk. Lastly, all 
other tracts and parcels that are not classified to be at risk of coastal or inland flood hazards are 
classified as areas of no flood risk. Coastal flood risk tracts are designated first because the 
coastal flood zones are very small and narrow in comparison with inland flood zones. If tracts at 
risk of inland flood hazards are designated before coastal, there would be zero tracts classified at 
risk of coastal flood hazards. Figure 17 shows the Miami MSA tracts with at least 500 residents 
and no missing neighborhood deprivation index values classified according to flood risk. 
7.3.2 Computation of Neighborhood Deprivation Indices 
Neighborhood deprivation indices, referred to here as economic insecurity and instability, 
are computed for tracts based on methodology developed by Messer et al. (2006) and 
implemented by Grineski et al. (2014). Several variables from the 2007-2011 ACS 5-year 
estimates are reduced to indices with principal components analysis (PCA). Economic insecurity 
and instability are the names given to the first two components extracted, and retirement is the 
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third unused component. Table 8 shows the rotated component loadings matrix for all variables 
(see page 87).  
 
Figure 17. Miami MSA census tracts with at least 500 residents and no missing neighborhood 
deprivation index values classified according to flood risk. 
 
The PCA was implemented in IBM SPSS Statistics 22 software. Three components were 
extracted using Varimax with Kaiser Normalization rotation method. The third component is 
called retirement since residents age 65 years or more loaded the highest. However, retirement is 
comprised of only two variables and the skree plot shows that only the first two factors should be 
retained (Costello and Osborne 2005). The first two components, economic insecurity and 
instability, explain 56% of the total variance. Variables were input for all Miami MSA census 
tracts with at least 500 residents. The economic insecurity index includes the following variables: 
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percent males without a high school diploma, percent females without a high school diploma, 
median home value of owner-occupied homes, percent crowded homes (those with over 1 person 
per room), percent families below the federal poverty level, percent households with annual 
income less than $30,000, percent households on public assistance, and the unemployment rate. 
Percent males and females with no high school diploma includes all individuals who are at least 
eighteen years old without a high school diploma. Median home value of owner-occupied homes 
was rescaled by taking the difference of all values from the highest value, so that higher values 
indicate greater neighborhood deprivation, or social vulnerability. Crowded homes are all owner 
occupied homes with over one occupant per room. Families below poverty level includes all 
families who are below the federal poverty level in the twelve months prior to the ACS survey. 
Income under $30,000 includes households with incomes less than $30,000 in the 12 months 
prior to the time of the ACS survey. Households on public assistance includes households with 
public assistance income in the 12 months prior to the time of the ACS survey. Unemployment 
rate is the percentage of unemployed persons that are at least 16 years old (U.S. Census Bureau 
2011). The neighborhood instability index includes three variables: renter-occupied homes, no 
vehicle available, and not in the same house one year ago. No vehicle available are occupied 
housing units with no vehicle available. Not in same house a year ago is all people who have 
been in the U.S. for at least one year that did not reside in the same house as one year prior (U.S. 
Census Bureau 2011). Grineski et al. (2014) had included percent vacant homes in their PCA. 
Nevertheless, this dissertation analysis omitted vacant homes because percent seasonal homes is 
used as an independent variable to control for water related amenities, and seasonal homes are a 
subset of vacant homes (U.S. Census Bureau 2011). After they are calculated, the values of the 
economic insecurity and instability indices are added to the tract attribute table with the 
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regression method in the IBM SPSS Statistics program. The PCA resulted in 21 tracts with 
missing data due to missing values in the input variables; so these 21 tracts are excluded from 
further analyses. 
 
Table 8. PCA neighborhood deprivation component loadings for economic insecurity, 
instability, and retirement. 
 
Component 
Economic 
Insecurity Instability Retirement 
Males with no high school diploma .829 .110 .074 
Females with no high school diploma .809 .194 .038 
Males not in labor force .278 .069 .691 
Renter-occupied homes .304 .876 -.063 
Median home value owner-occupied homes 
(rescaled) .597 .167 .166 
Crowded homes .586 .393 -.257 
Families below poverty level .755 .446 .044 
Household income under $30,000 .640 .498 .458 
Households on public assistance .674 -.011 -.067 
No vehicle available .395 .660 .383 
Not in same house a year ago  -.074 .808 -.135 
Unemployment rate .720 .060 .107 
65 years of age and over -.244 -.200 .852 
Note: All variables except median home values are percentages. 
 
7.3.3 Computation of Coastal Water Related Amenity Value: Proximity to Public Beach 
Access Sites 
Coastal water related amenity values are represented with tract-level percentages of 
seasonal homes and the inverse of population-weighted distance (PWD) to public beach access 
sites, which is referred to as “proximity to public beach access sites” in the text of this 
dissertation. The methodology for computing PWD to public beach access sites is based on the 
research of Zhang et al. (2011), Wen et al. (2013), and Giles-Corti and Donovan (2002). 
Previous studies on accessibility have weighted sites according to their capacity or size (Wolch 
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et al. 2005; Cutts et al. 2009; Maroko et al. 2009; Zhang et al. 2011). However, prior research on 
social carrying capacity at public beaches has shown that the most important factor in choosing a 
public beach site for recreation is the availability of parking (Da Silva 2002). Consequently, the 
number of parking spaces is chosen as a weighting factor for the beach sites. As previously 
mentioned, the attribute data of the beach access sites shapefile obtained from FDEP are 
incomplete. Thus, the beach sites with zero or null attributes for the number of parking spaces 
are examined via high resolution orthophotography from ArcGIS online resources for world 
imagery. Based on the orthophotography, the number of parking spaces are roughly counted for 
the sites without parking attribute data. Beach sites that had over 100 parking spaces are simply 
given a value of 100, which becomes the maximum of parking space available for all beach 
access sites. Palm Beach County has the most public beach access sites with zero parking spaces 
and the orthophotography indicates that this is true for most of these access sites in Palm Beach 
County. Beach sites with zero parking are given a value of one so they are not be discarded from 
analysis. 
Much of previous research on spatial accessibility and distance decay has arbitrarily 
squared the distance between destinations to represent distance decay due to travel time costs 
(Zhang et al. 2013). However, this dissertation employs a distance decay factor of 1.48 based on 
the only known study of tourists and preferences for certain sites (Giles-Corti and Donovan 
2002). Based on questionnaires administered to tourists in Australia, Giles-Corti and Donovan 
(2002) calculated a series of distance decay parameters for certain sites such as public beaches, 
parks, and golf courses. A parameter of 1.48 is what they calculated and recommended for public 
beach access sites.  
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 Once the parking spaces for each public beach site are resolved, the first computation is a 
potential spatial accessibility term from block centroid i to public beach access site j; using the 
distance decay parameter of 1.48. This is expressed with equation 9:  
Aij = Sa / dij = = Sa / dij1.48         (9) 
 where Aij is the spatial interaction term from block centroid i to destination beach site j, 
S
 
is the destination beach site with a number of parking spaces (with a =1 if number of 
parking spaces is zero), and 
 dij is the distance from block centroid i to destination beach site j. 
Next, the total potential spatial accessibility index Ai is computed for each block centroid i and 
the ten closest destination beach sites with equation 10: 
Ai = ∑ j=1 10 Sa / dij          (10) 
Zhang et al. (2013) employed a choice of seven parks in their EJ analyses of access to 
national parks. The choice of seven is based on research on human decision making and the 
upper limit for a number of choices that is cognitively reasonable. In this research, the closest ten 
beach sites are used because there might be special traits at certain beach sites that make them 
more desirable such as pavilions, restrooms, and shower facilities. Additionally, many beach 
sites are relatively close to each other. Zhang et al. (2013) note that other park accessibility 
researchers have employed parameters for attractiveness measures. Since attractiveness is a 
subjective quality, no attractiveness measures for beach sites are calculated or applied in this 
research. Furthermore, since the attribute data of the beach sites is incomplete, it would be very 
difficult to accurately identify amenities at beach sites. 
 The next computation is the probability for each census block centroid to travel to one of 
the ten closest beach sites (Pij), expressed with this equation: 
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Pij = Aij / Ai           (11) 
Then, the block level PWD to beach sites (Bi) is computed with the equation below: 
Bi = ∑  ~  Popi * Pij * dij          = ∑~ Pij * di      (12)  
           _____________________________ 
                    Popi 
 
 where Popi is the population of census block i, 
and Pij is the probability for each census block centroid to travel to one of the ten closest 
beach sites. 
To aggregate block-level PWD to tracts for tract-level proximity to public beach sites, the 
following equation is implemented: 
Tk = ∑  	~
  Popi * Bi
          
  _____________________________ 
        (13) 
                    Popk 
 
 where Tk is the tract level PWD, 
 nk is the number of blocks per tract, 
 and Popk is the tract population. 
And lastly, the inverse of each tract’s PWD is calculated to represent proximity to public 
beach access sites. Figure 18 shows tracts in the Miami MSA with at least 500 residents and no 
missing neighborhood deprivation index values symbolized according to proximity to public 
beaches. The inverse of PWD is used to represent proximity to public beach access sites so that 
higher values represent shorter distances to the beach sites, and therefore greater accessibility. 
Thus, higher values of percent seasonal homes and proximity to public beach access sites, the 
two amenity variables, indicate greater amenity value. This makes the interpretation of 
regression model coefficients more straightforward, since higher coefficients for either of the 
two amenity variables reflect greater amenity value. 
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Figure 18. Tract-level proximity to public beach access sites. Tracts with at least 500 residents 
and no missing neighborhood deprivation index values are shown, and proximity is represented 
with inverse population weighted distance (PWD) to public beach sites. 
 
This method of computing proximity to public beaches is advantageous for two primary 
reasons. First, it overcomes challenges attributed to the modifiable areal unit problem (MAUP) 
that are incurred by container based approaches. Container based approaches impart sharp 
boundaries for access that are unrealistic as people would travel outside of their census tract to 
visit a beach site. Additionally, this method avoids a choice of neighborhood size that container 
based approaches would require. Second, since it is based on block centroids whose density is a 
function of population density, it conveys a more realistic depiction of the probability of a visit 
to beach sites. While many other travel costs studies have used network-based analyses such as 
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street networks, this method uses Euclidian distance. Thus, the PWD method does not assume 
that all beach visitors are traveling by vehicle (Zhang et al. 2013). 
7.3.4 Logistic Regression Modeling: Tracts 
Tract-based logistic regression analyses are conducted to assess the EJ implications of 
flood hazards with their indivisible coastal water related amenities concurrently in singular 
models (Goals 1 and 2 of Research Objective 2). Tracts are classified for flood risk according to 
the flood zone they intersect. Three binary dependent variables are added to the attribute table of 
the tract shapefile for each flood hazard zone: coastal flood zones, inland flood zones, and areas 
outside 100-year flood zones. For each of the three binary variables indicating the tract’s flood 
risk classification, the variable is coded as 1 if the tract intersects the flood hazard zone of 
interest, and 0 if it does not intersect it. Percent seasonal homes and the proximity to public 
beach access sites are explanatory variables in the models intended to control for indivisible 
coastal water related amenities. Several logistic regression models are estimated. The models 
correspond to one of the three classes of flood risk: coastal, inland, and no flood risk. For each 
type of flood risk, two multivariate regression models are estimated. The first model includes 
either percent non-Hispanic Whites or percent non-Hispanic Blacks, and percent Hispanics as 
independent variables. The second model has percent Hispanic category disaggregated by the 
following country-of-origins subgroups: Colombians, Cubans, Mexicans, and Puerto Ricans. 
Neighborhood economic insecurity and neighborhood instability indices are independent 
variables in all models representing social vulnerability. Table 9 lists all dependent and 
independent variables for tract based logistic regression models of flood risk. Each model is 
named with the first letter of the type of flood risk, followed by “T” for tracts, and then numeral 
1 for models with Hispanics; and numeral 2 for models with Hispanic subgroups.  
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Table 9. Dependent and independent variables used in tract based logistic regression models. For 
each of the three types of flood risk (coastal, inland, and no flood risk), there are two models. 
Model Name Binary Dependent Variables Independent Variables Expected Relationship 
CT 1 Tract in/out of coastal flood zones % non-Hispanic White positive 
(coastal flood risk) 
 
% Hispanic negative 
  
% seasonal homes positive 
  
Prox. to public beach access sites positive 
  
Economic Insecurity negative 
  
Instability negative 
IT 1 Tract in/out of inland flood zones % non-Hispanic Black positive 
(inland flood risk) 
 
% Hispanic positive 
  
% seasonal homes negative 
  
Prox. to public beach access sites negative 
  
Economic Insecurity positive 
  
Instability positive 
NT 1 Tract in/out 100-year flood zones % non-Hispanic Black positive 
(no flood risk) 
 
% Hispanic positive 
  
% seasonal homes negative 
  
Prox. to public beach access sites negative 
  
Economic Insecurity positive 
  
Instability positive 
CT 2 Tract in/out of coastal flood zones % non-Hispanic White positive 
(coastal flood risk) 
 
% Colombian positive 
  
% Cuban uncertain 
  
% Mexican negative 
  
% Puerto Rican negative 
  
% seasonal homes positive 
  
Prox. to public beach access sites positive 
  
Economic Insecurity negative 
  
Instability negative 
IT 2 Tract in/out of inland flood zones % non-Hispanic Black positive 
(inland flood risk) 
 
% Colombian negative 
  
% Cuban uncertain 
  
% Mexican positive 
  
% Puerto Rican positive 
  
% seasonal homes negative 
  
Prox. to public beach access sites negative 
  
Economic Insecurity positive 
  
Instability positive 
NT 2 Tract in/out 100-year flood zones % non-Hispanic Black positive 
(no flood risk) 
 
% Colombian negative 
  
% Cuban uncertain 
  
% Mexican positive 
  
% Puerto Rican positive 
  
% seasonal homes negative 
  
Prox. to public beach access sites negative 
  
Economic Insecurity positive 
    Instability positive 
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The independent variables of percentages non-Hispanic Black and Hispanic are based on 
previous EJ research, and are chosen to test the traditional EJ hypotheses that racial/ethnic 
minority groups are disproportionately exposed to hazards. Percentages of Non-Hispanic White 
residents are used as independent variables in coastal flood risk models to assess whether this 
traditionally privileged group is overrepresented in desirable coastal flood hazard zones. 
Additionally, the contextually relevant Hispanic subgroups of Colombian, Cuban, Mexican, and 
Puerto Rican residents are examined in other models rather than Hispanics as an explanatory 
variable. As explained in the Study Area (Chapter 3) of this dissertation, Colombians are a 
traditionally affluent group while Mexicans and Puerto Ricans are usually considered to be 
socioeconomically disadvantaged. Since Cubans could be either affluent or disadvantaged, no 
expectations are made concerning their exposure to flood risks. The diverse Hispanic population 
of the Miami MSA warrants investigation of the EJ implications of these contextually relevant 
groups. 
Although indices such as economic insecurity and instability are not commonly used in 
EJ analysis, the variables and methods used to compute them come from social vulnerability 
research (Messer et at. 2006). Furthermore, they provide a more detailed and multi-dimensional 
quantitative assessment of social vulnerability instead of only poverty status or income (Grineski 
et al. 2014). PCA is used to identify latent relationships among variables which are then 
represented as components (Costello and Osborne 2005; Grineski et al. 2014). Thus, utilizing the 
two neighborhood deprivation indices as independent variables in regression models instead of 
all of the indices’ input variables should provide more meaningful statistical relationships 
between types of flood risk and social vulnerability.  
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Originally, multiple regression analyses were going to comprise three sets of linear 
regression models for each of the three classes of flood risk, with the proportion of tract area 
within each flood zone as the dependent variables. However, there are problems with non-
normality of regression residuals for the coastal and inland flood risk models. Both linear 
regression models for coastal and inland flood risk for the Miami MSA yield bimodal 
distributions of regression residuals because census tract areas are mostly either inside or outside 
flood zones. Thus, the bimodal data structure suggests that binary models are the most 
appropriate approach. Further, to address spatial autocorrelation in model residuals, all tract-
based logistic models were to be complemented by autologistic and generalized linear mixed 
models that treat spatial autocorrelation as a random effect (Dormann et al. 2007). Since tract-
based model residuals had very low and non-significant Moran’s I statistics, it was not necessary 
to address spatial autocorrelation. Moran’s I statistics for all tract-based models are presented in 
Chapter 8.  
 The regression residuals for all models are tested for spatial autocorrelation with the 
Moran’s I statistic at six different 100-meter bandwidths that increase by 500 meter increments. 
Tract centroids are utilized in the computations of Moran’s I. The bandwidths for estimating 
Moran’s I are 400 to 500 meters, 900 to 1,000 meters, 1,400 to 1,500 meters, 1,900 to 2,000 
meters, 2,400 to 2,500 meters, and 2,900 to 3,000 meters. These distances were chosen 
somewhat arbitrarily, but testing the magnitude and significance of the Moran’s I at multiple 
distances allows assessment of how spatial autocorrelation fluctuates with distance. There is little 
guidance in the research literature on choosing a bandwidth for testing Moran’s I (Dormann et al. 
2007). However, Tobler’s Law dictates that spatial autocorrelation should attenuate with distance 
because features that are proximate to each other are more similar in value (Tobler 1970; 
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Chakraborty 2011). Hence, it is expected that spatial autocorrelation is diluted with distance and 
Moran’s I should decrease as bandwidth size increases. 
All regression modeling is conducting using the R statistical software program, version 
3.0.1 64-bit (http://www.r-project.org/) and IBM SPSS Statistics 22. A shapefile is generated for 
the centroids of the Miami MSA census tracts with at least 500 residents. The 21 tracts with 
missing neighborhood deprivation indices are removed, all independent variables are 
standardized, and the binary dependent variables for each of the three flood hazard types are 
coded. The centroid shapefile is projected to Universal Transverse Mercator (UTM) zone 17 
projection in ArcGIS, and then imported into R with the readOGR command from the rgdal 
package. Tract centroids are employed because all computations of Moran’s I are based on 
centroids instead of polygons. The readOGR command is advantageous because it automatically 
detects that the shapefile is comprised of points in the UTM zone 17 projection. The logistic 
regression models are implemented with the glm command in R. The R program outputs the 
Akaike Information Criterion (AIC) for all models. These logistic regression models are also 
estimated using IBM SPSS Statistics 22 to obtain the odds ratios for each independent variable 
and the models’ Nagelkerke R-squared values. The AIC and Nagelkerke R-squared values are 
used to compare models’ relative performance. The models for Goals 1 and 2 of Research 
Objective 2 are comprised of three sets of two logistic regression models, and model coefficients, 
standard errors, and odds ratios are summarized in tables for comparison.  
7.4 Methodology for Research Objective 1 Goal 2 
7.4.1 ECEDS Results for EJ Analyses of Flood Hazards 
Once the ECEDS method is determined to be the most accurate of the five methods tested 
and compared in Chapter 6, the parcel-level shapefile is prepared for analysis. The parcel 
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shapefile with ECEDS population counts per parcel is intersected with the FEMA flood zone 
data, and parcels are classified according to flood risk in the same manner as tracts are classified 
with respect to flood risk. First, all parcels intersecting coastal flood zones for the entire Miami 
MSA are classified at risk to coastal flooding. Next, all parcels intersecting inland flood zones 
(excluding A zones) are classified at risk to inland flooding if they are not already classified at 
risk of coastal flooding. Then all parcels that intersect 500-year flood zones and areas outside 
flood zones are classified as areas of no flood risk, if they are not already classified at risk to 
coastal or inland flooding. Thus, the categories of flood risk for parcels are mutually exclusive, 
as they are for tracts. Fields for each category of flood risk are added to the parcel shapefile, and 
each category is given a value of 1 if the parcel intersects the corresponding flood zone and 0 if it 
does not. The flood risk fields serve as the dependent variables for binary models.  
After classifying each parcel of the shapefile according to flood risk, the shapefile is 
exported to a comma-separated value table. This is because a shapefile of parcel centroids is too 
large in file size for R to process. The table has a record for all parcels with a non-zero value for 
estimated parcel population, the tract identification number of the tract that contains each parcel, 
and the three binary dependent variables denoting flood risk. Tract level independent variables 
are joined to the parcel table via the tract identification numbers, and then independent variables 
are standardized for the parcel data set. Thus, this table includes inhabited parcels within the 
1,177 Miami MSA tracts that have at least 500 residents and no missing values for the 
neighborhood deprivation indices.  
Logistic regression models are estimated for the Miami MSA based on both tracts and 
inhabited parcels. However, these logistic regression models all include qualitative dummy 
variables for Broward and Palm Beach counties. This is done to observe how controlling for each 
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county in the Miami MSA affects the EJ implications of flood risk and coastal water related 
amenities. Although the flood hazard data for Florida are published by FEMA, each county 
and/or municipality that participates in the National Flood Insurance Program (NFIP) is 
responsible for delineating flood hazard zones within their administrative boundaries and 
conveying the data to FEMA. Consequently, there are temporal differences in the flood map data 
for the counties. Furthermore, the flood hazard zones sometimes follow administrative 
boundaries such as county lines, and this can be observed in the map in Figure 16.  
Additionally, Miami-Dade County has published a “coastal A zone” flood hazards layer 
on their GIS website. Coastal A zones represent areas landward of V zones that are subject to 
wave hazards between 1.5 and 3 feet above still water elevations (FEMA 2005). FEMA V flood 
hazard zones include both V and VE zones. Communities participating in the NFIP Community 
Rating System can receive discounts on flood insurance premiums if they delineate coastal A 
zones and enforce construction codes such as base flood elevations for structures within them. 
However, since Miami-Dade is the only county of the Miami MSA that has coastal A zones 
delineated, the coastal A zones are used in conjunction with FEMA’s V zones to represent 
coastal flood risk exclusively in models that control for counties with dummy variables. Only V 
zones are employed to represent coastal flood risk for the tract and parcel level models for the 
Miami MSA without county dummy variables. Although the FEMA data for the three counties is 
mismatched temporally, comparing coastal A zones in Miami-Dade County to V zones in 
Broward and Palm Beach Counties would confound the analyses because the definitions for 
coastal A zones and V zones are dissimilar. Thus, models discussed in Chapter 8 which are based 
only on tracts do not include Miami-Dade County’s coastal A with coastal flood zones because 
those models do not include county dummy variables. In contrast, models discussed in Chapter 9 
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based on both tracts and parcels include Miami-Dade coastal A zones with FEMA’s V zones for 
coastal flood risk because all models include the county dummy variables. 
7.4.2 Logistic Regression Modeling: Tracts and Parcels 
Logistic regression models based on both tracts and parcels are estimated using R and 
IBM SPSS Statistics 22 software for coastal flood risk, inland flood risk, and areas of no flood 
risk. Logistic regression models’ coefficients, standard errors, and odds ratios based on tracts and 
parcels classified according to flood risk are presented in tables adjacently to assess how the 
dasymetric disaggregation affects the results of EJ analyses. Logistic regression models for 
Miami MSA with qualitative dummy variables representing each county are estimated based on 
tracts and inhabited parcels classified according to flood risk.  
Although other researchers (e.g., Maantay and Maroko 2009) have applied parcel-level 
population densities calculated by dasymetric disaggregation to additional demographic data 
such as race and ethnicity, this is an example of an ecological fallacy. An ecological fallacy 
occurs when the properties of the entire group (e.g., population densities) are assigned to the 
properties of variables within a particular subgroup (density of a specific racial/ethnic subgroup). 
Dasymetric disaggregation only employs data to refine population densities, without any 
additional information about the geospatial distribution of specific socio-demographic groups. 
Nevertheless, dasymetric interpolation employed in this research results in several more 
observations for parcel based flood risk models than tract based models. The flood hazard 
classification for each inhabited parcel is implemented with a spatial join between parcels and 
flood zones after dasymetric disaggregation. Explanatory variables for each parcel are the tract-
level observations that each inhabited parcel falls within, but explanatory variables are 
standardized for the parcel data set. The independent variables for parcel level models are the 
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same as those used in tract level models: non-Hispanic Whites, non-Hispanic Blacks, Hispanics, 
seasonal homes, proximity to public beach access sites, and neighborhood economic insecurity 
and instability. Models are also estimated with Hispanic subgroups of Colombian, Cuban, 
Mexican, and Puerto Rican instead of Hispanics. Estimating and comparing all these logistic 
regression models based on both tracts and parcels elucidates how dasymetric disaggregation 
affects the results of flood hazards exposure and EJ analyses of flood risk. 
 Unfortunately, computation of Moran’s I of the parcel-based model residuals is 
impossible because of dataset size and computer processing limitations. According to the 
ECEDS method, the Miami MSA has almost 1.5 million inhabited parcels, and roughly 500,000 
in each county. All computations are done with an Acer Aspire M5 laptop with 64-bit processing 
capability and 8 GB of RAM. However, a large study area comprised of inhabited parcels may 
not add substantially to the findings for Research Objective 1 Goal 2. Research Objective 1 Goal 
2 is to evaluate how the results of EJ analyses estimated from tracts differ from those estimated 
from the target zones of the most accurate dasymetric spatial interpolation method (i.e., inhabited 
parcels from the ECEDS method). Comparing logistic regression model coefficients, standard 
errors, and odds ratios estimated from tracts versus those estimated from inhabited parcels 
provides sufficient evidence to support Hypothesis 2, that EJ analyses results estimated from 
tracts and parcels are different. Chapter 8 presents and discusses the results for tract level models 
and Chapter 9 compares results for tract and parcel level models. Assessing exposure to different 
types of flood hazards with their indivisible water related amenities using models estimated from 
different areal units leads to a more comprehensive and multidimensional investigation of social 
inequities in flood risk exposure.  
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8. RESULTS AND DISCUSSION: ENVIRONMENTAL JUSTICE IMPLICATIONS OF FLOOD HAZARDS 
 
The environmental justice (EJ) implications of flood hazards and indivisible coastal water 
related amenities of the Miami Metropolitan Statistical Area (MSA) are analyzed using a single 
research framework in this dissertation. Mitchell (1990) had recommended that natural hazards 
and amenities should be investigated with a common research paradigm. Assessing inequities in 
the distribution of flood hazards with the indivisible benefits associated with coastal areas is a 
more comprehensive approach to the EJ implications of flood hazards. This holistic assessment 
of hazards and amenities also demonstrates the need for more EJ investigations of privilege.  
This chapter discusses the results associated with Goals 1 and 2 of Research Objective 2. 
Research Objective 2 is to assess the EJ implications of coastal and inland flood hazards (Goal 1) 
with their indivisible coastal water related amenities (Goal 2). Goal 1 is addressed with three sets 
of logistic regression models corresponding to the three types of flood risk investigated: coastal 
100-year flood risk, inland 100-year flood risk, and areas of no flood risk. For Goal 1, the 
dependent variable indicates the flood risk classification for each census tract, based on the flood 
hazard zone the tract intersects. For each of the three types of flood risk investigated, 
dichotomous dependent variables are coded 1 for tracts that intersect the flood zone in question, 
and 0 if they do not. This classification of tracts according to flood risk is mutually exclusive. 
Goal 2 is addressed concurrently with control variables in the regression models representing 
coastal water related amenity values: percent seasonal homes and proximity to public beach 
access sites. Thus, results for both Goals 1 and 2 are presented together in this chapter.  
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The analyses presented in this chapter are based solely on census tracts, while Chapter 9 
discusses the results of analyses based on the target zones (inhabited parcels) of dasymetrically 
disaggregated tracts (Goal 2 of Research Objective 1). For the analyses summarized in this 
chapter, two logistic regression models are estimated for each of the three types of flood risk (for 
a total of six models). The first model for each type of flood risk uses the percentage of 
Hispanics as an independent variable, while the second model for each flood risk type has the 
Hispanic category disaggregated by country-of-origin (i.e., replaced with percentages of 
Colombians, Cubans, Mexicans, and Puerto Ricans). These different models are implemented 
with the intent of comparing EJ implications for Hispanics collectively, with that of these 
Hispanic subgroups that are relevant to the Miami MSA. It is expected that there will be 
variations in statistical relationships between flood risk exposure and the Hispanic subgroups. 
8.1 Descriptive Statistics and Bivariate Correlations 
Descriptive statistics for the tract level dependent and independent variables are 
summarized in Table 10. The number of observations is 1,177 after removing tracts with 
populations less than 500 and tracts with missing data for the neighborhood deprivation indices. 
The percentages of non-Hispanic White, non-Hispanic Black, and Hispanic range from 0 percent 
to 97 percent. Census tracts with such extreme minimum and maximum values for these racial 
and ethnic groups suggest a high level of residential segregation in the Miami metropolitan area. 
The maximum values for Cuban and Mexican residents are also notable: one census tract has 83 
percent Cuban residents, and another has 42 percent Mexican residents. Nevertheless, relatively 
large standard deviation values for some variables indicates considerable variability across the 
study area. 
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Table 10. Descriptive statistics for Miami MSA 2010 census tracts with at least 500 residents.  
 
 N Minimum Maximum Mean Std. Deviation 
Dependent Variables      
Coastal 100-year flood zones 1177 0.00 1.00 0.08 0.27 
Inland 100-year flood zones 1177 0.00 1.00 0.77 0.42 
Outside 100-year flood zones 1177 0.00 1.00 0.16 0.36 
Independent Variables      
Percent non-Hispanic White 1177 0.60 97.90 38.76 29.78 
Percent non-Hispanic Black 1177 0.00 97.00 19.02 24.98 
Percent Hispanic 1177 0.80 97.70 38.49 29.56 
Percent Colombian 1177 0.00 23.20 3.44 3.25 
Percent Cuban 1177 0.00 82.60 15.84 21.33 
Percent Mexican 1177 0.00 42.00 2.21 3.80 
Percent Puerto Rican 1177 0.00 13.70 3.50 2.14 
Percent seasonal homes 1177 0.00 55.90 5.22 9.01 
Proximity to public beach sites 1177 0.01 4.32 0.24 0.43 
Economic Insecurity 1177 -2.54 4.70 0.00 1.00 
Instability 1177 -2.08 4.23 0.00 1.00 
 
Pearson’s bivariate correlation coefficients among all dependent and independent 
variables are presented in Table 11. These bivariate correlations describe the strength and 
directions of relationships between flood risk and socio-demographic variables, including the 
two neighborhood deprivation indices. The table indicates that non-Hispanic White has a 
positive and significant (p<.01) relationship with coastal flood risk. Percent seasonal homes and 
proximity to public beach access sites have very strong positive relationships with coastal flood 
risk, with correlation coefficients at approximately 0.5 each and significance levels of p<.01. 
This demonstrates that these two variables are appropriate control variables for coastal amenity 
value. Contrary to non-Hispanic Whites, non-Hispanic Blacks and Hispanics are both negatively 
correlated with coastal flood risk, but only non-Hispanic Blacks have a statistically significant 
relation (at p<.01). 
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Table 11. Bivariate correlation of flood risk types and census tract socio-demographic attributes. 
 
  
Coastal 
flood 
risk 
Inland 
flood 
risk 
No 
flood 
risk 
% non-
Hispanic 
White 
% non-
Hispanic 
Black 
% 
Hispanic 
% 
Colombian 
% 
Cuban 
% 
Mexican 
% 
Puerto 
Rican 
% Seas-
onal 
homes 
Prox. to 
public 
beach 
sites 
Econ. 
Insec-
urity 
Inland 
flood risk -.526
***
 
            
No flood 
risk -.125
***
 -.778*** 
           
% non-
Hispanic 
White 
.171*** -.240*** .154*** 
          
% non-
Hispanic 
Black 
-.128*** .077*** .004 -.456*** 
         
% Hispanic -.057 .171*** -.157*** -.640*** -.389*** 
        
% 
Colombian .036 .123
***
 -.171*** -.211*** -.333*** .478*** 
       
% Cuban -.075*** .168*** -.141*** -.544*** -.362*** .890*** .207*** 
      
% Mexican .078*** -.121*** .083*** -.122*** .024 .106*** -.089*** -.094*** 
     
% Puerto 
Rican -.138
***
 .121*** -.039 -.289*** .003 .259*** .393*** -.023 .258*** 
    
% Seasonal 
homes .530
***
 -.354*** .021 .537*** -.251*** -.317*** -.039 -.272*** -.098*** -.323*** 
   
Proximity 
to public 
beach sites 
.593*** -.307*** -.080*** .246*** -.152*** -.109*** -.006 -.112*** -.057*** -.193*** .604*** 
  
Econ. 
Insecurity -.215
***
 .097*** .046 -.633*** .596*** .156*** -.264*** .151*** .269*** .125*** -.373*** -.262*** 
 
Instability .132*** -.016 -.079*** -.221*** .126*** .122*** .048 -.035 .135*** .116*** .005 .293*** .000 
Significance codes: ***p<.01 (2-tailed). 
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Of the Hispanic subgroups, Colombians have a weakly positive relationship with coastal 
flood risk, while Mexicans have a strongly positive (at p<.01) relation with coastal flood risk. 
Cubans and Puerto Ricans are both negatively related to coastal flood risk (at p<.01). 
Neighborhood economic insecurity is negative and significant with respect to coastal flood risk, 
but neighborhood instability is positive and significant. These bivariate relationships suggest that 
less socially vulnerable groups of non-Hispanic Whites, Colombians, and residents with lower 
economic insecurity are more likely to reside in areas of coastal flood risk. This supports 
Hypothesis 3, which posits that individuals of low social vulnerability are more likely to be 
exposed to coastal flood risk. 
The converse of Hypothesis 3 states that a larger proportion of socially vulnerable groups 
reside in areas of inland flood risk. This is supported by the positive bivariate correlations 
between inland flood zones and specific variables representing socially vulnerable groups: non-
Hispanic Black, Hispanic, and those with higher economic insecurity. These three variables 
indicate strong positive associations with inland flood risk with significance at p<.01. The 
percentages of Colombians, Cubans, and Puerto Ricans are positively related to inland flood risk, 
but Mexicans indicate a negative relationship. All of the Hispanic subgroups relationships with 
inland flood risk are significant at p<.01. Areas of inland flood risk also have fewer coastal water 
related amenities because the relationships between inland flood risk and both percent seasonal 
homes and proximity to public beach sites are negative and significant at the p<.01 level. 
Concerning areas of no flood risk, Non-Hispanic Whites are positively associated and 
Hispanics are negatively correlated, both at the p<.01 significance level. Non-Hispanic Blacks 
and seasonal homes are positively correlated with areas of no flood risk but not significantly. 
Colombians, Cubans, and Puerto Ricans are all significantly negatively related to no flood risk, 
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while Mexicans have a significantly positive relationship. Thus, the bivariate correlations 
suggest that Mexicans are likely exposed to coastal flood risk or no flood risk; while the other 
three Hispanic subgroups are most likely exposed to inland flood risk. Proximity to public beach 
access sites is negatively correlated and significant at p<.01 with areas of no flood risk. 
Neighborhood instability is negatively correlated and significant at p<.01 with areas of no flood 
risk; and economic insecurity is positively although not significantly related to areas of no flood 
risk.  
There are significant positive correlations between coastal flood risk and the two water 
related amenity variables of percent seasonal homes and proximity to public beach access sites. 
In contrast, the percentage of seasonal homes is positively although not significantly related to 
areas of no flood risk, showing that this indicator for amenity value is not restricted to areas of 
coastal flood risk. As explained previously, coastal flood zones are not limited to open ocean 
coasts since Lake Okeechobee has V zones around it (Figures 16 and 17). There are possible 
wave action hazards of three feet on top of still water elevations attributed to Lake Okeechobee, 
because of its large size. The five census tracts adjacent to Lake Okeechobee that are classified at 
risk of coastal flooding do not have significant percentages of seasonal homes (less than one 
percent), with the exception of one tract with 12 percent seasonal homes. Models were estimated 
without the five tracts adjacent to Lake Okeechobee that are classified within areas of coastal 
flood risk, but the regression coefficients did not change substantially. Therefore, the models 
discussed in this chapter include all 1,177 tracts with at least 500 residents and without missing 
data for the neighborhood deprivation indices. 
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8.2 Regression Modeling 
 Several logistic regression models are estimated to analyze the EJ implications of flood 
hazards and coastal water related amenities. Model performance is assessed via the Akaike 
information criterion (AIC) and Nagelkerke R-squared values. The regression coefficients, 
standard errors, and odds ratios associated with models for coastal flood risk, inland flood risk, 
and no flood risk are presented to assess statistical relationships between the binary dependent 
and independent variables. Regression modeling is advantageous here because social disparities 
in flood hazards exposure are assessed while controlling for other contextual factors such as 
water related amenities. The models in this chapter are named according to the type of flood risk 
investigated (C for coastal, I for inland, and N for no flood risk) followed by “T” for tracts. For 
each type of flood risk, the first model includes Hispanics, and the second includes the four 
Hispanic country-of-origin subgroups. Thus, model CT 1, for example, estimates coastal flood 
risk based on tracts and Hispanics; while model CT 2 estimates coastal flood risk from tracts and 
four Hispanic subgroups.  
To ensure that there is no significant spatial autocorrelation in model residuals that would 
violate the regression assumption of independent errors, global Moran’s I statistics are calculated 
in R. Global Moran’s I statistics are calculated at six different distance bandwidths using a 
distance-based contiguity matrix derived from tract centroids: 400 to 500 meters, 900 to 1,000 
meters, 1,400 to 1,500 meters, 1,900 to 2,000 meters, 2,400 to 2,500 meters, and 2,900 to 3,000 
meters. Since these bandwidths do not include the whole study area, an allowance is made in R 
for observations without neighbors. Moran’s I statistics and corresponding significance values 
are presented in tables immediately following model summary tables. Additionally, the models 
for coastal flood risk include non-Hispanic Whites to detect evidence of environmental privilege 
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in seeking coastal water related amenities. Multicollinearity diagnostics are also provided in 
tables following the Moran’s I statistics to show that although the models employ socio-
demographic groups with significantly negative associations (i.e., non-Hispanic Whites and 
Hispanics), there are no multicollinearity problems among independent variables. 
8.2.1 Coastal Flood Risk  
The coastal flood risk models’ coefficients, standard errors, and odds ratios are shown in 
Table 12. Percent non-Hispanic White is an explanatory variable employed to represent a 
traditionally less socially vulnerable racial and ethnic group, i.e., a privileged group, and this 
variable is used to test both Hypotheses 3 and 4. Hypothesis 3 states that individuals of lower 
social vulnerability are more likely to be exposed to coastal flood risk, while Hypothesis 4 that 
states that less socially vulnerable individuals are more likely to reside in areas of coastal flood 
risk with high amenity values. In both models, Non-Hispanic White residents are negative and 
significant at the p<.10 level, while seasonal homes and proximity to public beach sites are both 
positive and significant at the p<.01 level. Hispanics in model CT 1, and Colombians, Cubans, 
and Puerto Ricans in model CT 2 exhibit negative and non-significant associations with coastal 
flood risk. Mexicans have a significantly positive relationship with coastal flood risk. Economic 
insecurity has a negative and significant relationship with coastal flood risk in both models. 
However, instability is a non-significant independent variable in both models, and it is positive in 
model CT 1 but negative in model CT 2. The strong positive correlation between non-Hispanic 
Whites and coastal flood risk (Table 11) and the regression models coefficients (Table 12) 
suggest that when controlling for coastal water related amenities, non-Hispanic Whites are not 
disproportionately at risk of coastal flooding. The findings from model CT 2 indicate that 
 109 
 
Mexicans are the only Hispanic subgroup exposed to coastal flood risk when controlling for 
coastal water related amenities. 
 
Table 12. Coastal flood risk: logistic regression model results for Miami MSA.  
 
Standardized  
Variables 
Model 
CT 1 
Std. 
Errors 
Odds 
Ratios 
Model 
CT 2 
Std. 
Errors 
Odds 
Ratios 
(Intercept) -3.233*** 0.174 0.039 -3.499*** 0.205 0.030 
% non-Hispanic White -0.630** 0.320 0.533 -1.003*** 0.361 0.367 
% Hispanic -0.064 0.246 0.938 -- -- -- 
% Colombian -- -- -- -0.167 0.189 0.846 
% Cuban -- -- -- -0.296 0.287 0.744 
% Mexican -- -- -- 0.642*** 0.109 1.900 
% Puerto Rican -- -- -- -0.074 0.202 0.928 
% seasonal homes 0.870*** 0.157 2.386 0.836*** 0.174 2.308 
Proximity to public 
beach sites 0.841*** 0.162 2.318 0.982*** 0.177 2.669 
Econ. Insecurity -0.449** 0.224 0.638 -1.036*** 0.293 0.355 
Instability 0.050 0.171 1.051 -0.201 0.195 0.818 
AIC 387.84 
 
 
359.33 
 
 
Nagelkerke R-squared 0.488 
 
 
0.543 
  
Significance codes: *p<.10; **p<.05; ***p<.01. N = 1,177. 
 
 
 
 Table 13 shows the Moran’s I statistics for both models CT 1 and CT 2, and Table 14 
presents the multicollinearity diagnostics for both models. For both models, the only Moran’s I 
statistics that are significant at the p<.05 level are those calculated at the 2,400 to 2,500 meter 
bandwidth. Nevertheless, Moran’s I statistics at the next bandwidth tested (2,900 to 3,000 
meters) are all not significant. Consequently, spatial autocorrelation is not a concern in models 
CT1 and CT 2 and there is no need for additional terms in the model to address spatial 
autocorrelation. Multicollinearity diagnostics in Table 12 show no tolerance values over 0.2, 
variance inflation factors (VIF) greater than 10, or model condition indices over 30, implying the 
lack of multicollinearity concerns. 
 110 
 
Table 13. Moran’s I statistics for coastal flood risk models with Miami MSA census tracts.  
 
Model 
Bandwidth 
(meters) Moran's I p-value 
CT 1 400-500 0.029 0.255 
900-1000 0.078 0.180 
1400-1500 0.034 0.288 
1900-2000 -0.030 0.681 
2400-2500 0.097 0.034 
2900-3000 -0.033 0.726 
CT 2 400-500 0.030 0.278 
900-1000 0.038 0.317 
1400-1500 0.048 0.224 
1900-2000 -0.027 0.660 
2400-2500 0.082 0.061 
  2900-3000 -0.031 0.713 
 
 
Table 14. Multicollinearity diagnostics for coastal flood risk models. 
 
  Model CT 1 Model CT 2 
Standardized Variables Tolerance VIF Tolerance VIF 
% non-Hispanic White 0.242 4.135 0.223 4.479 
% Hispanic 0.480 2.084 
% Colombian 0.560 1.785 
% Cuban 0.556 1.798 
% Mexican 0.833 1.201 
% Puerto Rican 0.637 1.571 
% seasonal homes 0.471 2.121 0.444 2.251 
Proximity to public beach sites 0.547 1.827 0.544 1.838 
Econ. Insecurity 0.470 2.126 0.348 2.877 
Instability 0.789 1.268 0.715 1.399 
Model Condition Index 4.163 4.591 
VIF is variance inflation factor. 
  
8.2.2 Inland Flood Risk  
Contrary to the coastal flood risk models, the inland flood risk and no flood risk models 
do not include percentage non-Hispanic Whites as an independent variable. Percentage non-
Hispanic Whites is replaced by percentage of non-Hispanic Blacks in the inland and no flood 
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risk models. This is done to explicitly test whether racial and ethnic minority residents are 
disproportionately exposed to inland flood risk (Hypothesis 3), and if racial and ethnic minority 
residents are overrepresented in inland flood zones and areas outside 100-year flood zones that 
are not characterized by coastal water related amenities (Hypothesis 4). With the exceptions of 
non-Hispanic Blacks and non-Hispanic Whites, all other independent variables used in coastal 
flood risk models are identical those employed in inland and no flood risk models.  
Table 15 presents the results of logistic regression models IT 1 and IT 2. Model IT 1 
includes percentage Hispanic residents, while model IT 2 includes percentages of Colombians, 
Cubans, Mexicans, and Puerto Ricans instead of Hispanics. Both models suggest that non-
Hispanic Blacks and Hispanics are overrepresented in areas of inland flood risk that lack the 
amenities associated with areas of coastal flood risk. Of the Hispanic subgroups, only Mexicans 
show a negative and significant association with inland flood risk. This is probably due to their 
overrepresentation in areas of coastal flood risk. Economic insecurity is negative in both models, 
but only significant in model IT 1. Instability is negative in model IT 1, positive in model IT 2, 
but not significant in either model. Thus, the inland flood risk models suggest that non-Hispanic 
Blacks, Hispanics collectively, Colombians, Cubans, and Puerto Ricans are overrepresented in 
areas of inland flood risk that are not characterized by coastal water related amenities. Mexicans 
and residents with higher economic insecurity are not associated with inland flood risk.  
Moran’s I statistics and multicollinearity diagnostics are presented in Tables 16 and 17, 
respectively. The only Moran’s I statistic with a p-value less than 0.1 is for Model IT 1 at the 
2,400 to 2,500 meter bandwidth. Since Moran’s I is not significant at the next bandwidth of 
2,900 to 3,000 meters, spatial autocorrelation is not a concern. None of the diagnostics shown in 
Table 15 evidence a multicollinearity problem. 
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Table 15. Inland flood risk: logistic regression model results for Miami MSA.  
 
Standardized  
Variables 
Model 
IT 1 
Std. 
Errors 
Odds 
Ratios 
Model 
IT 2 
Std. 
Errors 
Odds 
Ratios 
(Intercept) 1.296*** 0.078 3.654 1.344*** 0.081 3.835 
% non-Hispanic Black 0.395*** 0.132 1.484 0.200 0.132 1.222 
% Hispanic 0.481*** 0.113 1.618 -- -- 
-- 
% Colombian -- -- -- 0.292*** 0.108 1.339 
% Cuban -- -- -- 0.322*** 0.122 1.379 
% Mexican -- -- -- -0.299*** 0.078 0.741 
% Puerto Rican -- -- -- 0.018 0.097 1.018 
% seasonal homes -0.412*** 0.099 0.662 -0.436*** 0.102 0.646 
Proximity to public beach 
sites -0.438*** 0.111 0.645 -0.463*** 0.113 0.630 
Econ. Insecurity -0.378*** 0.113 0.685 -0.064 0.127 0.938 
Instability -0.021 0.088 0.980 0.113 0.090 1.120 
AIC 1130.70 
 
 
1104.30 
 
 
Nagelkerke R-squared 0.198 
  
0.233 
  
Significance codes: *p<.10; **p<.05; ***p<.01. N=1,177. 
 
 
Table 16. Moran’s I statistics for inland flood risk models with Miami MSA census tracts. 
 
Model 
Bandwidth 
(meters) Moran's I p-value 
IT 1 400-500 0.003 0.435 
900-1000 0.055 0.266 
1400-1500 0.073 0.133 
1900-2000 0.010 0.422 
2400-2500 0.074 0.084 
2900-3000 0.041 0.213 
IT 2 400-500 0.004 0.433 
900-1000 0.051 0.280 
1400-1500 0.076 0.124 
1900-2000 0.006 0.446 
2400-2500 0.061 0.125 
  2900-3000 0.024 0.315 
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Table 17. Multicollinearity diagnostics for inland flood risk models. 
  Model IT 1 Model IT 2 
Standardized Variables Tolerance VIF Tolerance VIF 
% non-Hispanic Black 0.337 2.966 0.336 2.972 
% Hispanic 0.472 2.118 
% Colombian 0.660 1.515 
% Cuban 0.485 2.062 
% Mexican 0.746 1.341 
% Puerto Rican 0.629 1.591 
% seasonal homes 0.483 2.070 0.462 2.166 
Proximity to public beach sites 0.547 1.828 0.544 1.837 
Econ. Insecurity 0.440 2.270 0.370 2.703 
Instability 0.787 1.271 0.796 1.256 
Model Condition Index 3.577 3.864 
VIF is variance inflation factor. 
 
8.2.3 No Flood Risk  
Table 18 presents model results for no flood risk, which corresponds to tracts that are 
outside 100-year flood zones. The independent variables for both models are identical to those 
for inland flood risk shown in Table 13. Non-Hispanic Blacks and Hispanics are both significant 
at p<.01 and negative in model NT 1, and non-Hispanic Blacks, Cubans, and Colombians exhibit 
the same trend in model NT 2. The coefficients of percent seasonal homes are positive, but not 
significant in either of the models. Proximity to public beach access sites is negative and 
significant to at least the p<.05 level in both models. Economic insecurity is positive and 
significant at p<.10 in both models. Instability is positive in model NT 1 but negative in NT 2, 
but not significant in either model. These results show that residents with higher economic 
insecurity tend to live in areas of no flood risk where public beach access is limited. In contrast, 
non-Hispanic Blacks, Cubans, and Colombians are not overrepresented in areas of no flood risk; 
but results in Table 13 indicate they are overrepresented in areas of inland flood risk. The 
findings pertaining to those with economic insecurity characteristics support Hypothesis 4 which 
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states that socially vulnerable individuals live outside 100-year flood zones where there are low 
water related amenity values. Analogous to the coastal and inland risk models, the Moran’s I 
statistics in Table 19 and the multicollinearity diagnostics in Table 20 for no flood risk models 
indicate no residual spatial autocorrelation or multicollinearity problems. (Refer to page 115 for 
Tables 19 and 20.) 
 
Table 18. No flood risk: logistic regression model results for Miami MSA. 
 
Standardized  
Variables 
Model 
NT 1 
Std. 
Errors 
Odds 
Ratios 
Model 
NT 2 
Std. 
Errors 
Odds 
Ratios 
(Intercept) -1.921*** 0.100 0.146 -2.042*** 0.114 0.130 
% non-Hispanic Black -0.779*** 0.151 0.459 -0.628*** 0.145 0.534 
% Hispanic -0.972*** 0.136 0.378 -- -- -- 
% Colombian -- -- -- -0.781*** 0.176 0.458 
% Cuban -- -- -- -0.659*** 0.139 0.517 
% Mexican -- -- -- -0.023 0.080 0.978 
% Puerto Rican -- -- -- 0.042 0.108 1.043 
% seasonal homes 0.021 0.122 1.021 0.072 0.122 1.074 
Proximity to public 
beach sites -0.662** 0.218 0.516 -0.792*** 0.239 0.453 
Econ. Insecurity 0.660*** 0.127 1.935 0.370*** 0.137 1.448 
Instability 0.105 0.103 1.111 -0.035 0.100 0.965 
AIC 948.08 
 
 
932.59 
 
 
Nagelkerke R Square 0.122 
  
0.151 
  
Significance codes: *p<.10; **p<.05; ***p<.01. N=1,177. 
 
8.3 Discussion of Results 
The analyses presented in this chapter explore the EJ implications of flood risk based on 
2010 census tracts intersected with flood hazard data from FEMA’s NFHL. Models assess 
disproportionate exposure to flood hazards for Hispanics collectively, and Hispanic country-of-
origin subgroups of Colombians, Cubans, Mexicans, and Puerto Ricans separately. Models 
estimated with the four Hispanic subgroups indicate better predictive power than those with 
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Hispanics as a homogeneous group, based on AIC and Nagelkerke R-squared values. However, 
this is because R-squared values are inflated with greater numbers of independent variables. 
 
Table 19. Moran’s I statistics for no flood risk models with Miami MSA census tracts. 
 
Model 
Bandwidth 
(meters) Moran's I p-value 
NT 1 400-500 -0.002 0.439 
900-1000 0.040 0.318 
1400-1500 0.082 0.106 
1900-2000 0.033 0.280 
2400-2500 0.069 0.099 
2900-3000 0.088 0.045 
NT 2 400-500 -0.001 0.437 
900-1000 0.038 0.325 
1400-1500 0.085 0.096 
1900-2000 0.029 0.306 
2400-2500 0.061 0.126 
  2900-3000 0.076 0.071 
 
Table 20. Multicollinearity diagnostics for no flood risk models. 
  Model NT 1 Model NT 2 
Standardized Variables Tolerance VIF Tolerance VIF 
% non-Hispanic Black 0.337 2.966 0.336 2.972 
% Hispanic 0.472 2.118 
% Colombian 0.660 1.515 
% Cuban 0.485 2.062 
% Mexican 0.746 1.341 
% Puerto Rican 0.629 1.591 
% seasonal homes 0.483 2.070 0.462 2.166 
Proximity to public beach 
sites 0.547 1.828 0.544 1.837 
Econ. Insecurity 0.440 2.270 0.370 2.703 
Instability 0.787 1.271 0.796 1.256 
Model Condition Index 3.577 3.864 
VIF is variance inflation factor. 
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To summarize the findings pertaining to Research Objective 2 Goals 1 and 2, non-
Hispanic Whites are not disproportionately at risk of coastal flooding when controlling for 
coastal water related amenities of percent seasonal homes and proximity to public beach access 
sites. Non-Hispanic Blacks and Hispanics are inequitably at risk of inland flooding in 
neighborhoods with fewer coastal water related amenities. Of the Hispanic subgroups, 
Colombians, Cubans, and Puerto Ricans are at risk to inland flooding in areas with fewer coastal 
water related amenities. Mexicans are disproportionately exposed to coastal flood risk when 
controlling for coastal water related amenities. Mexicans have strong positive correlations with 
neighborhood economic insecurity and instability; thus their exposure to coastal flood risk is an 
EJ concern because they are more socially vulnerable according to the two neighborhood 
deprivation indices. Colombians are generally a less socially vulnerable group because of their 
strong negative bivariate correlation with economic insecurity, so their exposure to inland flood 
risks is not an EJ concern. In contrast, Cubans and Puerto Ricans are positively associated with 
economic insecurity, implying that their exposure to inland flood risk is an EJ problem. 
Residents with greater neighborhood economic insecurity are not exposed to flood hazards, but 
they tend to dwell in areas without coastal water related amenities. Results for residents with 
higher instability are inconclusive.  
The analysis results presented in this chapter test Hypotheses 3 and 4. Hypothesis 3 states 
that socioeconomically affluent groups are overrepresented in coastal flood zones (or areas of 
coastal flood risk) where there are substantial water related amenities, and socially vulnerable 
groups reside within inland flood zones (or areas of inland flood risk) without water related 
amenity values. Hypothesis 4 posits that socioeconomically affluent groups dwell in areas 
characterized by coastal water related amenities, while socially vulnerable groups live in areas 
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not characterized by coastal water related amenities. Non-Hispanic Whites are positively related 
to the water related amenity variables and negative with respect to the two neighborhood 
deprivation indices. The results partially support Hypothesis 3 because the less socially 
vulnerable group of non-Hispanic Whites are more likely to reside within coastal flood zones, 
but Mexicans’ exposure to coastal flood risk despite their higher social vulnerability does not 
support Hypothesis 3. Hypothesis 4 is supported because non-Hispanic Whites are more likely to 
reside within coastal flood zones with high water related amenity values.   
The results point to the problem of privilege, in that non-Hispanic Whites are 
overrepresented in desirable areas that are exposed to coastal flood risk. Socially vulnerable 
groups of non-Hispanic Blacks, Hispanics collectively, Cubans, and Puerto Ricans who are at 
risk to inland flooding may lack resources to mitigate flood hazards, and they are relegated to 
areas of inland flood risk without indivisible water related amenities. This is an injustice because 
these socially vulnerable groups live in neighborhoods exposed to flood risks without water 
related amenities. Residents with traits of economic insecurity are not exposed to flood risk but 
they live in areas without coastal water related amenities. 
Since Mexicans are traditionally a more socially vulnerable group, their 
overrepresentation in areas of coastal flood risk is unexpected. Mexicans tend to be concentrated 
in less populated areas of the Miami MSA so that they are proximate to agricultural work 
opportunities (Nijman 2009; Grineski et al. 2013). To further investigate why Mexicans are 
positively correlated with coastal flood risk, a map is presented in Figure 19 showing the 
distribution of Mexicans at the census tract level. Census tracts symbolized according to 
percentage Mexican based on the 2007-2011 5-year estimates from the American Community 
Survey (ACS), and coastal flood zones are overlaid with the tracts and symbolized with 40 
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percent transparency. The red tracts correspond to tracts with the highest percentages Mexican. 
Some southernmost tracts and other tracts adjacent to Lake Okeechobee, all with high 
percentages Mexican, are classified positive for coastal flood risk.  
 
 
Figure 19. Census tracts included in analyses symbolized according to percentage Mexican 
residents, with coastal flood zones. 
 
Because Mexicans live proximate to agricultural areas, they are concentrated in some of 
the very large rural tracts that intersect coastal flood zones. However, Mexicans’ residence in 
very large coastal flood zone tracts does not necessitate that they live in areas characterized by 
coastal water related amenities. For example, there are no public beach access sites within the 
southernmost two tracts of the Miami MSA because this portion of the coast is within the 
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Everglades National Park. The coastal areas at the southern tip of the Miami MSA are comprised 
of mangrove swamps and not amenable for swimming or surfing as in areas of Miami Beach, for 
example. Additionally, tracts adjacent to Lake Okeechobee are considered exposed to coastal 
flood risk because V zones are used to represent coastal flood zones. As noted previously, the 
definition of V zones involves wind-driven wave action hazards, and these areas are not limited 
to open ocean coastlines. 
Residence in areas not characterized by coastal water related amenities implies that 
access to amenities such as public beaches is reduced. For any resident of the Miami MSA, the 
inability to access public coastal beaches can be considered to be an injustice. Additionally, 
many seasonal homes in coastal areas remain vacant for several months of the year. The presence 
of these privately owned properties impedes public beach access and their parking areas cannot 
be used by the general public. The owners of such structures also have flood insurance provided 
to them through the National Flood Insurance Program (NFIP) at subsidized rates and most of 
the coastline in the Miami MSA has been nourished with federal tax money (Trembanis and 
Pilkey 1998). Furthermore, when a nourished beach has been heavily eroded by a storm, the 
federal government funds renourishment projects under the Stafford Act (FEMA 2009). The 
broader injustice is that those who benefit most from federally funded flood insurance and beach 
nourishment are those who need it the least, because only economically affluent residents can 
afford beachfront property in the Miami MSA. Nevertheless, there are many U.S. government 
policies and activities such as the NFIP and beach nourishment that tend to externalize costs to 
all taxpayers while only a small group of elites benefit (Beatley et al. 1994; Pilkey and Dixon 
1996; Bagstad et al. 2007). This is an environmental injustice and a social inequity. When the 
costs of mitigating flood hazards are externalized, residential patterns with respect to flood risk 
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reflect privileged groups seeking coastal water related amenities. In contrast, socially vulnerable 
groups are relegated to areas exposed to flood risk as long as these areas are not desirable due to 
water related amenities.   
 This chapter analyzed flood risk based on census tracts. Because of the modifiable areal 
unit problem (MAUP), the results are unique to tracts and should not be generalized to other 
areal units of different sizes and shapes. Although the analyses were based on geospatial data, 
spatial autocorrelation in model residuals was not a problem. This could be attributed to models 
that are adeptly specified. Some researchers believe that residual spatial autocorrelation is simply 
a symptom of models with important missing independent variables (Legendre 1993; Dormann 
et al. 2007; Casetti 2009). It could also be because flood hazard zones have an irregular 
geospatial distribution and when they are intersected with tracts, any spatial dependencies in 
flood zones are reduced below significant levels. Since results presented in this chapter are 
unique to tracts, further investigation of the EJ implications of flood risks with water related 
amenities are conducted based on inhabited parcels from a spatial interpolation method in 
Chapter 9. Flood risk models in Chapter 9 are estimated from tracts and inhabited parcels output 
by the Enhanced Cadastral Expert Dasymetric System (ECEDS), and differences in analyses 
results obtained from tracts and parcels are assessed. Tract and parcel based logistic regression 
models are compared to show how spatial interpolation affects EJ analyses results and contribute  
to research on the MAUP. 
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9. RESULTS AND DISCUSSION: 
COMPARISON OF ENVIRONMENTAL JUSTICE ANALYSIS RESULTS  
FROM TRACTS AND PARCELS 
 
Dasymetric spatial interpolation is implemented in this dissertation research to estimate 
residential population densities in areas smaller than census units. Several dasymetric 
interpolation methods were implemented and compared for relative accuracies in Chapters 5 and 
6. The analyses presented and discussed in this chapter employ the target units from the most 
accurate dasymetric method identified in Chapter 6 (for Goal 1 of Research Objective 1) by 
intersecting them with flood hazard zones to assess residential exposure to flood risk (Goal 2 of 
Research Objective 1). Goal 2 of Research Objective 1 is to assess how a spatial interpolation 
method to disaggregate census tracts affects environmental justice (EJ) analyses results.  
The Enhanced Cadastral Expert Dasymetric System (ECEDS) method is the most 
accurate of all spatial interpolation methods tested, according to the error metrics presented in 
Chapter 6. Thus, the output of inhabited parcels from the ECEDS method is employed as 
observations for the flood risk regression models. Each inhabited parcel is intersected with flood 
zones using the same methodology used to intersect tracts with flood zones, and the tract level 
independent variables are calculated for inhabited parcels based on the tracts that each inhabited 
parcel falls within. Descriptive statistics, bivariate correlations, and logistic regression models 
based on inhabited parcels classified according to flood risk are presented in this chapter; similar 
to the results shown in Chapter 8. However, logistic regression models in this chapter include 
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qualitative dummy variables to compare the three counties of the Miami Metropolitan Statistical 
Area (MSA). Model coefficients, standard errors, and odds ratios from logistic regression models 
based on tracts and inhabited parcels for the Miami MSA are presented adjacently in tables for 
comparison purposes. Inhabited parcels are classified into mutually exclusive categories 
according to the flood hazard zone they intersect (coastal 100-year flood zones, inland 100-year 
flood zones, and areas outside 100-year flood zones). The inhabited parcel data set is thus used to 
create three dichotomous (binary) dependent variables denoting flood risk: coastal flood risk, 
inland flood risk, and no flood risk. Each dependent variable is coded 1 if the parcel intersects 
that area of flood risk and 0 if it does not. 
9.1 Independent and Dependent Variables for Parcels in the Miami MSA 
The neighborhood deprivation indices used in tract based analyses (discussed in Chapter 
7) are calculated from principal components analysis using tracts as observations. Each tract’s 
deprivation index values are joined to the parcel attribute table and then standardized for the 
parcel data set as with all other tract-level variables. Table 21 presents the descriptive statistics 
for inhabited parcels and dependent and independent variables of regression models. The most 
noticeable difference between these statistics and those for tracts is the number of observations 
(N): 1,414,164 for inhabited parcels, but only 1,177 for tracts with at least 500 residents and 
excluding tracts with missing data for the deprivation indices. For consistency, only inhabited 
parcels within the 1,177 tracts with less than 500 residents and no missing deprivation data are 
included in analyses. Additionally, parcels that are completely within A flood zones are removed 
from analyses because the accuracy of A flood zones is questionable. A flood zones are mapped 
without detailed hydraulic studies, unlike other 100-year flood hazard zones (FEMA 2014). The 
utilization of Miami-Dade County’s coastal A zones and county dummy variables are also 
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unique to the analyses in this chapter. Both tract and parcel based models use the coastal A zones 
in conjunction with V zones from the Federal Emergency Management Agency’s (FEMA) 
National Flood Hazard Layer (NFHL) to examine coastal flood risk. However, because coastal A 
zones are limited to Miami-Dade County, all models in this chapter include independent dummy 
variables for Broward and Palm Beach Counties. The inclusion of county dummy variables 
control for differences in flood zones between the three Miami MSA counties.  
 
Table 21. Descriptive statistics for Miami MSA 2010 inhabited parcels within tracts with at least 
500 residents. 
 
  N Minimum Maximum Mean Std. Deviation 
Deviation Dependent Variables           
Coastal 100-year flood zones 1414164 0.00 1.00 0.01 0.09 
Inland 100-year flood zones 1414164 0.00 1.00 0.49 0.50 
Outside 100-year flood zones 1414164 0.00 1.00 0.50 0.50 
Independent Variables           
Percent non-Hispanic White 1414164 0.60 97.90 39.44 28.97 
Percent non-Hispanic Black 1414164 0.00 97.00 19.91 24.49 
Percent Hispanic 1414164 0.80 97.70 36.47 27.76 
Percent Colombian 1414164 0.00 23.20 3.26 2.99 
Percent Cuban 1414164 0.00 82.60 14.98 20.68 
Percent Mexican 1414164 0.00 42.00 2.23 3.71 
Percent Puerto Rican 1414164 0.00 13.70 3.70 2.20 
Percent seasonal homes 1414164 0.00 55.90 3.38 6.00 
Proximity to public beach sites 1414164 0.01 4.32 0.17 0.24 
Economic Insecurity 1414164 -2.54 4.70 -0.01 0.93 
Instability 1414164 -2.08 4.23 -0.26 0.86 
 
Table 22 shows the bivariate correlations between dependent and independent variables 
based on inhabited parcels. Specific relationships between flood risk and independent variables 
based on inhabited parcels are different in direction from those based on tracts (Table 11). These 
differences between parcels and tracts are reflective of the modifiable areal unit problem 
(MAUP) and how it influences buffer containment analyses, which was implemented when tracts 
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and parcels were intersected with flood hazard zones. For example, non-Hispanic Blacks are 
strongly and positively correlated with inland flood risk based on tracts, but they are strongly and 
negatively associated with inland flood risk based on parcels. Hispanics have a non-significant 
negative association with coastal flood risk based on tracts, but they have a positive association 
with coastal flood risk that is significant at the p<.01 level based on parcels. Mexicans have a 
positive bivariate correlation with coastal flood risk at the tract level, which is significant at the 
p<.01 level. Conversely, Mexicans are negatively correlated at the p<.01 level with coastal flood 
risk at the parcel level. Cubans are strongly and negatively associated with coastal flood risk 
based on tracts, but they have a nearly zero relationship with coastal flood risk at the parcel level.  
With regards to the two coastal amenity variables, seasonal homes are positively related 
to coastal flood risk and negatively related to inland flood risk at the p<.01 significance level for 
both parcels and tracts. The relationship between seasonal homes and no flood risk is positive 
and not significant for tracts, although it is positive and significant at p<.01 for parcels. At both 
the tract and parcel level, proximity to public beach sites and coastal flood risk are positively 
related and significant at p<.01, while proximity to public beach sites is negatively related and 
significant at p<.01 with inland flood risk. However, proximity to public beach sites is negatively 
and significantly (p<.01) related to areas of no flood risk based on tracts, while it is positively 
and significantly (p<.01) related with areas of no flood risk based on parcels. Thus, parcel-based 
bivariate correlations suggest statistically significant amenity values of proximity to public beach 
sites and seasonal homes in areas of no flood risk. 
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Table 22. Bivariate correlations of flood risk and socio-demographic attributes based on inhabited parcels. 
  
Coastal 
flood 
risk 
Inland 
flood 
risk 
No 
flood 
risk 
% non-
Hispanic 
White 
% non-
Hispanic 
Black 
% 
Hispanic 
% 
Colombian 
% 
Cuban 
% 
Mexican 
% 
Puerto 
Rican 
% Seas-
onal 
homes 
Prox. to 
public 
beach 
sites 
Econ. 
Insec-
urity 
Inland 
flood risk -.086
***
 
            
No flood 
risk -.088
***
 -.985*** 
           
% non-
Hispanic 
White 
.027*** -.075*** .071*** 
          
% non-
Hispanic 
Black 
-.044*** -.019*** .027*** -.497*** 
         
% Hispanic .012*** .079*** -.081*** -.627*** -.360*** 
        
% 
Colombian .019
***
 .263*** -.266*** -.213*** -.308*** .467*** 
       
% Cuban .000 .036*** -.036*** -.527*** -.346*** .896*** .199*** 
      
% Mexican -.012*** -.109*** .112*** -.122*** .009*** .127*** -.107*** -.078*** 
     
% Puerto 
Rican -.008
***
 .160*** -.159*** -.300*** -.010*** .290*** .446*** -.016*** .261*** 
    
% Seasonal 
homes .113
***
 -.048*** .029*** .519*** -.208*** -.348*** -.120*** -.282*** -.095*** -.295*** 
   
Proximity 
to public 
beach sites 
.243*** -.046*** .003*** .262*** -.079*** -.188*** -.176*** -.149*** -.037*** -.219*** .565*** 
  
Econ. 
Insecurity -.087
***
 -.069*** .084*** -.655*** .638*** .150*** -.259*** .122*** .290*** .125*** -.311*** -.161*** 
 
Instability .106*** -.038*** .019*** -.166*** .187*** .015*** -.046*** -.120*** .186*** .128*** .013*** .248*** .072*** 
Significance codes: ***p<.01 (2-tailed). 
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The neighborhood deprivation indices also exhibit different relationships with flood risk 
at the tract and parcel levels. For tracts, economic insecurity is positively associated with inland 
flood risk and significant at the p<.01 level. Parcel based correlation between insecurity and 
inland flood risk is negative and significant at the p<.01 level. Both relationships are significant 
at the p<.01 level, but instability is negatively related with no flood risk based on tracts, while it 
is positively related to no flood risk based on parcels. 
9.2 Logistic Regression Analyses: Tracts versus Parcels for Miami MSA and its Counties 
Logistic regression models are estimated based on tracts and ECEDS parcels classified 
according to flood risk to assess differences in model results from two different areal units. For 
each of the three types of flood risk examined, four models are estimated. Similar to the models 
discussed in Chapter 8, there are models with Hispanics, and other models with Hispanics 
replaced with the Hispanic county-of-origin subgroups of Colombians, Cubans, Mexicans, and 
Puerto Ricans. However, there are models based on both tracts and parcels, for a total of four 
models per type of flood risk. Models are named with the first letter of the type of flood risk 
investigated, followed by “T” for tracts and “P” for parcels, then a number. Models with number 
3 in their name have percentage Hispanic as an independent variable, and models with number 4 
in their name include percentages of Colombians, Cubans, Mexicans, and Puerto Ricans. All 
models in this chapter include the dummy variables for Broward and Palm Beach Counties, so 
Miami-Dade County represents the reference county for these models. The binary variable for 
Broward County is coded 1 for tracts and parcels in Broward County, and the variable for Palm 
Beach County is coded 1 for tracts and parcels in Palm Beach County. The dependent variables 
indicate the flood risk type for tracts or inhabited parcels in the Miami MSA. These dichotomous 
dependent variables are coded 1 if the observation intersects the flood risk zone being modeled, 
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and 0 if they do not intersect it. A consistent difference between results for tracts and parcels is 
observed for the standard errors of the regression coefficients: those based on parcels are much 
lower than those based on tracts. The significance levels of parcel-based regression model 
coefficients are also generally greater than those based on tracts.  
Unlike the analyses presented in Chapter 8, the present chapter excludes assessments of 
residual spatial autocorrelation with Moran’s I. This is because the data set of ECEDS parcels for 
the Miami MSA is too large in file size for the R program to create a neighbor distance matrix to 
compute Moran’s I. Nevertheless, comparing logistic regression models estimated from tracts 
versus those estimated from parcels, even without any analyses of spatial autocorrelation, 
provides sufficient evidence to support Hypothesis 2. Hypothesis 2 posits that analyses results 
based on tracts and parcels are different. While multicollinearity diagnostics for all models are 
presented in this chapter, no models indicated problematic multicollinearity among independent 
variables.  
9.2.1 Coastal Flood Risk 
 Tables 23 and 24 summarize the logistic regression model results for tract and parcel 
based models for coastal flood risk. Table 23 presents the tract and parcel models that include 
Hispanics collectively as an independent variable, and Table 24 shows the models with 
Colombians, Cubans, Mexicans, and Puerto Ricans. (Refer to page 129 for Table 24.) Table 23 
indicates that all model coefficients based on tracts and parcels have the same sign, but Table 24 
shows that signs for the coefficients of percent Mexicans differ between tracts and parcels. As 
explained in Chapter 8, tract based analyses indicate that Mexicans are overrepresented in areas 
of coastal flood risk because some coastal tracts are rural and have large percentages of 
Mexicans. When populations of large rural tracts with large percentages of Mexicans are 
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redistributed to inhabited parcels, many of the parcels do not intersect coastal flood zones and are 
thus not exposed to coastal flood risk.    
 
Table 23. Coastal flood risk logistic regression models for tracts and inhabited parcels of the 
Miami MSA. Model abbreviations are Coastal Tracts (CT) 3; and Coastal Parcels (CP) 3. 
 
Standardized  
Variables 
Model 
CT 3 
Std. 
Errors 
Odds 
Ratios 
Model  
CP 3 
Std. 
Errors 
Odds 
Ratios 
(Intercept) -1.643*** 0.264 0.193 -3.783*** 0.021 0.023 
% non-Hispanic White 0.495 0.408 1.641 1.701*** 0.040 5.481 
% Hispanic -0.429* 0.250 0.651 -0.605*** 0.026 0.546 
% seasonal homes 0.705*** 0.165 2.024 0.058*** 0.010 1.059 
Proximity to public 
beach sites 0.857*** 0.191 2.356 0.194*** 0.006 1.214 
Econ. Insecurity -0.201 0.231 0.818 -0.465*** 0.023 0.628 
Instability 0.384** 0.164 1.469 0.862*** 0.012 2.368 
Broward -3.276*** 0.608 0.038 -5.430*** 0.048 0.004 
Palm Beach -3.058*** 0.640 0.047 -6.319*** 0.061 0.002 
AIC 388.17 
 
 
70009.00 
 
 
Nagelkerke R-squared 0.571 0.462     
Significance codes: *p<.10; **p<.05; ***p<.01 
 
 
Unlike the results for coastal flood risk discussed in Chapter 8, all coastal flood risk 
models in this chapter have a positive coefficient for non-Hispanic Whites. Models CT 3 and CT 
4 are identical to models CT 1 and CT 2 from Chapter 8, with the exception of the county 
dummy variables. Thus, when controlling for the differences in flood zones between the Miami 
MSA counties, non-Hispanic Whites are overrepresented in areas of coastal flood risk. Percent 
Hispanic in both models CT 3 (tracts) and CP 3 (parcels) have negative coefficients. The two 
coastal water related amenity variables, percent seasonal homes and proximity to public beach 
access sites, are both positive and highly significant in all models shown in Tables 23 and 24. 
The two neighborhood deprivation indices also have consistent signs for their coefficients 
between the tract and parcel based models in Tables 23 and 24. Economic insecurity is 
 129 
 
negatively related to coastal flood risk, while instability is positively related to coastal flood risk. 
Colombians and Cubans both have a negative association with coastal flood risk, but Puerto 
Ricans have a positive association with coastal flood risk. As stated above, Mexicans have a 
positive association with coastal flood risk based on tracts, but a negative association based on 
parcels. Broward and Palm Beach County’s coefficients are negative, indicating lower odds of 
coastal flooding in these two counties relative to Miami-Dade County. 
 
Table 24. Coastal flood risk logistic regression models with Hispanic subgroups for tracts and 
inhabited parcels of the Miami MSA. Model abbreviations are Coastal Tracts (CT) 4; and 
Coastal Parcels (CP) 4. 
 
Standardized  
Variables 
Model 
CT 4 
Std. 
Errors 
Odds 
Ratios 
Model  
CP 4 
Std. 
Errors 
Odds 
Ratios 
(Intercept) -1.861*** 0.276 0.155 -4.000*** 0.025 0.018 
% non-Hispanic White 0.050 0.425 1.051 1.763*** 0.045 5.828 
% Colombian -0.462** 0.194 0.630 -0.525*** 0.017 0.592 
% Cuban -0.844** 0.343 0.430 -0.645*** 0.033 0.525 
% Mexican 0.629*** 0.124 1.876 -0.555*** 0.042 0.574 
% Puerto Rican 0.169 0.195 1.184 0.604*** 0.014 1.830 
% seasonal homes 0.724*** 0.179 2.063 0.140*** 0.010 1.150 
Proximity to public 
beach sites 1.009*** 0.201 2.743 0.210*** 0.006 1.233 
Econ. Insecurity -0.924*** 0.304 0.397 -0.859*** 0.028 0.424 
Instability 0.099 0.186 1.104 0.726*** 0.013 2.067 
Broward -3.335*** 0.615 0.036 -5.821*** 0.051 0.003 
Palm Beach -3.276*** 0.611 0.038 -6.615*** 0.063 0.001 
AIC 354.15 
 
 
67618.00 
 
 
Nagelkerke R-squared 0.624 0.481     
Significance codes: *p<.10; **p<.05; ***p<.01 
 
 
  
Because the Akaike Information Criterion (AIC) for parcel based models is inflated by 
the very large sample size, Nagelkerke R-squared values can be used to assess relative model 
performance between tracts and parcels. The standard errors for coefficients of parcel based 
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models (CP 3 and CP 4) are all much lower than their tract based equivalents (CT 3 and CT 4), 
but the R-squared values indicate that both tract based models perform better than their parcel 
based equivalents. When considering models with Hispanics against the models with Hispanic 
subgroups, models CT 4 and CP 4 that include the four Hispanic subgroups have higher R-
squared values than the models with Hispanics collectively. This is because R-squared values are 
inflated with greater numbers of independent variables.  
Multicollinearity diagnostics of tolerance values, variance inflation factors (VIF), and 
model condition indices for coastal flood risk models are shown in Table 25. Non-Hispanic 
Whites in all models generate tolerance values of less than 0.2 which can be indicative of 
multicollinearity. Nevertheless, these tolerance values are not much lower than 0.2, and all 
model condition indices are much lower than 30. Condition indices over 30 suggest problematic 
multicollinearity (Anselin 2005; Chakraborty 2011).  
 
Table 25. Multicollinearity diagnostics for coastal flood risk models based on tracts and parcels. 
 
 Model CT 3 Model CP 3 Model CT 4 Model CP 4 
Standardized  
Variables Tolerance VIF Tolerance VIF Tolerance VIF Tolerance VIF 
% non-Hispanic  
White 0.184 5.443 0.192 5.220 0.174 5.731 0.174 5.740 
% Hispanic 0.381 2.623 0.377 2.649 
% Colombian 
  
0.545 1.834 0.511 1.957 
% Cuban 
  
0.456 2.192 0.426 2.347 
% Mexican 
  
0.783 1.277 0.764 1.310 
% Puerto Rican 
  
0.609 1.641 0.589 1.698 
% seasonal homes 0.466 2.147 0.530 1.888 0.442 2.261 0.511 1.959 
Proximity to public  
beach sites 0.531 1.884 0.606 1.650 0.528 1.893 0.594 1.684 
Econ. Insecurity 0.426 2.348 0.425 2.354 0.335 2.985 0.309 3.235 
Instability 0.785 1.274 0.849 1.178 0.713 1.402 0.755 1.324 
Broward 0.424 2.356 0.407 2.459 0.410 2.441 0.381 2.624 
Palm Beach 0.320 3.122 0.307 3.258 0.305 3.276 0.298 3.359 
Model Condition 
Index 6.087 6.284 6.300 6.599 
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9.2.2 Inland Flood Risk 
The inland flood risk models are shown in Tables 26 and 27. Models based on tracts (IT 3 
and IT 4) and parcels (IP 3 and IP 4) have different signs for the intercepts and seasonal homes. 
The intercepts for tract based models are positive, while those for parcel based models are 
negative. Percent seasonal homes have negative coefficients based on tracts, but they have 
positive coefficients based on parcels. Nevertheless, models IT 3 and IP 3 suggest that non-
Hispanic Black and Hispanic residents are inequitably exposed to inland flood hazards. Those 
with higher neighborhood deprivation according to both economic insecurity and instability are 
negatively associated with inland flood risk in all models except IT 4. However, the coefficients 
of the two neighborhood deprivation indices are significant only in the parcel based models. 
Pertaining to Hispanic subgroups, both tract and parcel based models indicate that Colombians 
and Cubans are overrepresented in areas of inland flooding. There are disagreements in 
coefficients’ signs for Mexicans and Puerto Ricans based on tracts and parcels. Mexicans and 
Puerto Ricans have a negative association with inland flood risk based on tracts; but they are 
positively associated with inland flood risk according to the parcel based model. Proximity to 
public beaches is negative in all models except IP 4; in which the coefficient is nearly zero. The 
county dummy variables suggest that the odds of inland flooding are greater in Broward County 
but lower in Palm Beach County, relative to Miami-Dade County. Furthermore, as with the 
coastal flood risk models, the inland flood risk models with Hispanic subgroups (IT 4 and IP 4) 
both have higher R-squared values than the models with Hispanics as a homogeneous group 
since models IT 4 and IP 4 have more explanatory variables. Multicollinearity diagnostics for all 
models are presented in Table 28. Based on these diagnostics, there are no multicollinearity 
problems. 
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Table 26. Inland flood risk logistic regression models for tracts and inhabited parcels of the 
Miami MSA. Model abbreviations are Inland Tracts (IT) 3; and Inland Parcels (IP) 3. 
 
Standardized  
Variables 
Model  
IT 3 
Std. 
Errors 
Odds 
Ratios 
Model  
IP 3 
Std. 
Errors 
Odds 
Ratios 
(Intercept) 1.153*** 0.165 3.168 -0.506*** 0.005 0.603 
% non-Hispanic Black 0.179 0.163 1.196 0.228*** 0.004 1.256 
% Hispanic 0.327* 0.182 1.387 0.475*** 0.004 1.608 
% seasonal homes -0.352*** 0.109 0.703 0.082*** 0.003 1.085 
Proximity to public 
beach sites -0.653*** 0.131 0.520 -0.042*** 0.003 0.958 
Econ. Insecurity -0.187 0.125 0.830 -0.342*** 0.003 0.710 
Instability -0.089 0.091 0.915 -0.214*** 0.002 0.807 
Broward 1.421*** 0.302 4.142 1.924*** 0.007 6.847 
Palm Beach -0.717* 0.288 0.488 -0.826*** 0.008 0.438 
AIC 1048.70 
 
 
1569929.00 
 
 
Nagelkerke R-squared 0.314 
 
 
0.321     
Significance codes: *p<.10; **p<.05; ***p<.01 
 
 
 
Table 27. Inland flood risk logistic regression models with Hispanic subgroups for tracts and 
inhabited parcels of the Miami MSA. Model abbreviations are Inland Tracts (IT) 4; and Inland 
Parcels (IP) 4. 
 
Standardized  
Variables 
Model  
IT 4 
Std. 
Errors 
Odds 
Ratios 
Model  
IP 4 
Std. 
Errors 
Odds 
Ratios 
(Intercept) 0.994*** 0.153 2.701 -0.478*** 0.004 0.620 
% non-Hispanic Black 0.140 0.152 1.150 0.171*** 0.004 1.187 
% Colombian 0.257** 0.114 1.293 0.385*** 0.003 1.469 
% Cuban 0.458*** 0.170 1.581 0.286*** 0.004 1.331 
% Mexican -0.173** 0.077 0.841 0.017*** 0.003 1.017 
% Puerto Rican -0.190* 0.098 0.827 0.019*** 0.003 1.019 
% seasonal homes -0.398*** 0.111 0.671 0.060*** 0.003 1.062 
Proximity to public 
beach sites -0.665*** 0.132 0.514 0.000 0.003 1.000 
Econ. Insecurity 0.008 0.131 1.008 -0.175*** 0.003 0.840 
Instability 0.052 0.092 1.054 -0.166*** 0.002 0.847 
Broward 1.742*** 0.294 5.709 1.826*** 0.006 6.211 
Palm Beach -0.308 0.275 0.735 -0.763*** 0.008 0.466 
AIC 1030.60 
 
 
1552158.00 
 
 
Nagelkerke R-squared 0.338     0.334     
Significance codes: *p<.10; **p<.05; ***p<.01 
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Table 28. Multicollinearity diagnostics for inland flood risk models based on tracts and parcels. 
 Model IT 3 Model IP 3 Model IT 4 Model IP 4 
Standardized  
Variables Tolerance VIF Tolerance VIF Tolerance VIF Tolerance VIF 
% non-Hispanic  
Black 
0.251 3.980 0.255 3.923 0.294 3.404 0.273 3.662 
% Hispanic 0.191 5.237 0.215 4.659     
% Colombian     0.566 1.766 0.565 1.771 
% Cuban     0.278 3.598 0.276 3.624 
% Mexican     0.722 1.385 0.677 1.476 
% Puerto Rican     0.601 1.665 0.577 1.734 
% seasonal homes 0.477 2.098 0.538 1.858 0.460 2.173 0.527 1.896 
Proximity to 
public  
beach sites 
0.531 1.884 0.607 1.646 0.528 1.892 0.593 1.686 
Econ. Insecurity 0.393 2.545 0.388 2.576 0.367 2.724 0.331 3.017 
Instability 0.782 1.279 0.843 1.186 0.777 1.287 0.804 1.243 
Broward 0.410 2.442 0.390 2.566 0.444 2.253 0.405 2.470 
Palm Beach 0.313 3.191 0.297 3.364 0.341 2.936 0.322 3.106 
Model Condition 
Index 6.146 6.242 5.533 5.854 
 
Unlike the overrepresentation of non-Hispanic Whites at risk of coastal flooding, the 
overrepresentation of non-Hispanic Blacks and Hispanics in areas of inland flood risk is an EJ 
concern because they are traditionally socially vulnerable groups. Individuals with greater 
instability who are at risk to inland flooding are also an EJ concern, since they may lack the 
resources of more affluent residents to mitigate household flood hazards. Colombians and 
Cubans are overrepresented in areas of inland flood risk according to both tract and parcel based 
models, but the parcel model suggests that Mexicans and Puerto Ricans are also exposed to 
inland flood risk. Although model results for the amenity variables of seasonal homes and 
proximity to public beach access sites are somewhat mixed, they generally suggest a lack of 
water related amenities in areas of inland flood risk. Consequently, non-Hispanic Blacks and 
Hispanics are exposed to inland flood risk in areas with few coastal water related amenities. 
Colombians have a negative bivariate correlation with economic insecurity based on both tracts 
and parcels, but Cubans are positively correlated with insecurity at both levels of spatial 
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aggregation. Thus, of the Hispanic subgroups, Colombians exposed to inland flood risk probably 
have access to resources to mitigate flood risks. Conversely, Cubans are exposed to inland flood 
risk but may lack resources to mitigate flood hazards. Although only the parcel based model 
shows that Mexicans and Puerto Ricans are exposed to inland flooding, they are both positively 
correlated with economic insecurity. It follows that the overrepresentation of non-Hispanic 
Blacks, Hispanics collectively, and Hispanic subgroups of Cubans, Mexicans, and Puerto Ricans 
in areas of inland flood risk that do not have coastal water related amenities is an EJ concern. 
These groups are socially vulnerable, may lack resources to mitigate flood hazards, and their 
enjoyment of coastal water related amenities is limited. 
9.2.3 No Flood Risk 
 Model results for tracts and inhabited parcels in areas of no flood risk are shown in 
Tables 29 and 30. While the percentages of both non-Hispanic Black and Hispanic residents are 
negatively associated with areas of no flood risk (in models NT 3 and NP 3), only the 
coefficients in the parcel-based model NP 3 are significant. Percent seasonal homes is negatively 
associated with areas of no flood risk in all models, but this coefficient is significant only in 
parcel based models. Proximity to public beach access sites is negative and significant at the 
p<.01 level for all models. Economic insecurity is consistent in direction and significance in all 
models: it is positive and significant at p<.01. Instability is positive but not significant for tracts, 
and it is positive and significant at p<.01 for parcels. The county dummy variables suggest that 
the odds of no flood risk is lower in Broward County and higher in Palm Beach County, relative 
to Miami-Dade County. 
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Table 29. No flood risk logistic regression models for tracts and inhabited parcels of the Miami 
MSA. Model abbreviations are No Flood Risk Tracts (NT) 3; and No Flood Risk Parcels (NP) 3. 
 
Standardized  
Variables 
Model  
NT 3 
Std. 
Errors 
Odds 
Ratios 
Model  
NP 3 
Std. 
Errors 
Odds 
Ratios 
(Intercept) -2.75*** 0.241 0.064 0.377*** 0.005 1.458 
% non-Hispanic Black -0.202 0.189 0.817 -0.221*** 0.004 0.802 
% Hispanic -0.286 0.216 0.751 -0.443*** 0.004 0.642 
% seasonal homes 0.028 0.142 1.028 -0.078*** 0.003 0.925 
Proximity to public 
beach sites -1.019*** 0.305 0.361 -0.068*** 0.003 0.934 
Econ. Insecurity 0.395*** 0.147 1.485 0.375*** 0.003 1.455 
Instability 0.038 0.115 1.038 0.193*** 0.002 1.213 
Broward -0.486 0.372 0.615 -1.786*** 0.007 0.168 
Palm Beach 2.033*** 0.353 7.634 0.988*** 0.008 2.686 
AIC 801.64 
 
 
1572736.00 
 
 
Nagelkerke R-squared 0.290 
 
 
0.320 
  
Significance codes: *p<.10; **p<.05; ***p<.01 
 
 
 
Table 30. No flood risk flood risk logistic regression models with Hispanic subgroups for tracts 
and inhabited parcels of the Miami MSA. Model abbreviations are No Flood Risk Tracts (NT) 4; 
and No Flood Risk Parcels (NP) 4. 
 
Standardized  
Variables 
Model  
NT 4 
Std. 
Errors 
Odds 
Ratios 
Model  
NP 4 
Std. 
Errors 
Odds 
Ratios 
(Intercept) -2.878*** 0.265 0.056 0.350*** 0.004 1.419 
% non-Hispanic Black -0.284* 0.172 0.753 -0.175*** 0.004 0.839 
% Colombian -0.702*** 0.213 0.496 -0.383*** 0.003 0.682 
% Cuban -0.204 0.195 0.816 -0.261*** 0.004 0.770 
% Mexican -0.228** 0.098 0.796 -0.020*** 0.003 0.980 
% Puerto Rican 0.309*** 0.118 1.361 -0.034*** 0.003 0.967 
% seasonal homes 0.041 0.142 1.042 -0.062*** 0.003 0.940 
Proximity to public 
beach sites 
-1.148*** 0.328 0.317 -0.116*** 0.003 0.891 
Econ. Insecurity 0.370** 0.150 1.448 0.215*** 0.003 1.240 
Instability 0.000 0.113 1.000 0.152*** 0.002 1.165 
Broward -0.538 0.383 0.584 -1.684*** 0.006 0.186 
Palm Beach 1.975*** 0.362 7.207 0.916*** 0.008 2.500 
AIC 790.21   1553825.00   
Nagelkerke R-squared 0.315   0.333   
Significance codes: *p<.10; **p<.05; ***p<.01 
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For the Hispanic country-of-origin subgroups, the tract based model (NT 4) shows that all 
subgroups are not overrepresented in areas of no flood risk except for Mexicans. Conversely, the 
parcel based model (NP 4) shows that all four subgroups have a significant negative association 
with the odds of no flood risk. The difference in coefficients for percent Mexican is analogous to 
that observed in the coastal flood risk models based on tracts and parcels. At the tract level, 
Mexicans are overrepresented in areas of coastal flood risk and no flood risk. Parcel level models 
suggest that Mexicans are overrepresented in areas of inland flood risk. Dasymetric 
disaggregation of the large rural tracts in the Miami MSA where Mexicans are concentrated 
resulted in different results for flood risk. Many of these large rural tracts with large percentages 
of Mexican residents are classified as exposed to coastal flood risk. When redistributing the 
population of these rural tracts to inhabited parcels, most of the parcels do not intersect coastal 
flood zones. Since parcels are a more accurate depiction of where people live than tracts, the 
results of buffer containment operations of flood zones and parcels to identify areas exposed to 
flood hazards should be more accurate than those based on tracts.   
The models with the Hispanic subgroups for no flood risk both have greater R-squared 
values than the models that include Hispanics collectively. The multicollinearity diagnostics 
shown in Table 31 indicate no problems for all no flood risk models. Thus, results for no flood 
risk suggest that non-Hispanic Blacks, Hispanics collectively, and Hispanic subgroups of 
Colombians, Cubans, Mexicans, and Puerto Ricans are generally not overrepresented in areas 
exposed to no flood risk. However, residents with higher economic insecurity and instability are 
overrepresented in areas of no flood risk without coastal water related amenities. While residents 
with high levels of economic insecurity and instability are not exposed to flood hazards, the EJ 
concern is that they may live in areas without access to coastal water related amenities. 
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Table 31. Multicollinearity diagnostics for no flood risk models based on tracts and parcels. 
 
 Model NT 3 Model NP 3 Model NT 4 Model NP 4 
Standardized  
Variables Tolerance VIF Tolerance VIF Tolerance VIF Tolerance VIF 
% non-Hispanic  
Black 
0.251 3.980 0.255 3.923 0.294 3.404 0.273 3.662 
% Hispanic 0.191 5.237 0.215 4.659     
% Colombian     0.566 1.766 0.565 1.771 
% Cuban     0.278 3.598 0.276 3.624 
% Mexican     0.722 1.385 0.677 1.476 
% Puerto Rican     0.601 1.665 0.577 1.734 
% seasonal homes 0.477 2.098 0.538 1.858 0.460 2.173 0.527 1.896 
Proximity to 
public  
beach sites 
0.531 1.884 0.607 1.646 0.528 1.892 0.593 1.686 
Econ. Insecurity 0.393 2.545 0.388 2.576 0.367 2.724 0.331 3.017 
Instability 0.782 1.279 0.843 1.186 0.777 1.287 0.804 1.243 
Broward 0.410 2.442 0.390 2.566 0.444 2.253 0.405 2.470 
Palm Beach 0.313 3.191 0.297 3.364 0.341 2.936 0.322 3.106 
Model Condition 
Index 6.146 6.242 5.533 5.854 
 
9.3 Discussion of Results 
This chapter presented results of the analyses for Goal 2 of Research Objective 1, which 
is to assess how dasymetric spatial interpolation affects EJ analyses results. Several logistic 
regression models of flood risk based on census tracts and inhabited parcels from the ECEDS 
method were compared. Hypotheses 2 posits that analytical results based on tracts and an output 
from a spatial interpolation method are different, and the results herein support this notion. The 
differences observed between tract and parcel level analyses arise from the MAUP. The MAUP 
involves modifiable boundaries of areal units containing socio-demographic data, and it has two 
forms: the zone effect and the scale effect (Fotheringham and Wong 1991). The zone effect 
refers to a fixed scale or size of areal units with modifiable boundaries. Gerrymandering political 
districts is an example of exploiting the zone effect. The scale effect is a product of areal units 
with different sizes/resolution (e.g., tracts versus parcels). While census areal units are delineated 
with the intent of containing approximately the same number of residents, the boundaries of 
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these units are based on features such as administrative boundaries and streets. Hence, census 
units are drawn arbitrarily with respect to the underlying population distribution (Grineski et al. 
2014).  
Disaggregating census tracts to parcels and then intersecting parcels with flood zones 
introduces both the scale and zone effects of the MAUP. When population densities are 
dasymetrically disaggregated to the parcel level in the ECEDS method, the scale effect applies 
because the size/resolution of areal units has changed. The disaggregation of tracts to inhabited 
parcels and the corresponding calculation of parcel population densities is a type of downscaling. 
However, population densities derived from ECEDS inhabited parcels were not employed in 
regression analyses. This is because logistic regression was implemented which used a 
dichotomous classification for each parcel as within or outside each type of flood hazard zone. 
Nonetheless, each inhabited parcel took on the attributes of the tract it falls within (i.e., the 
independent variables for each inhabited parcel were the same as those for the coincident tract). 
But, buffer containment of tracts versus parcels to determine flood risk classification for each 
unit involves both the scale and zone effect. The scale effect occurs because the size of areal 
units of analyses has changed (for the dependent variables); and the zone effect occurs because 
the tract level independent variables are redistributed to the parcels within the tract. The parcel 
level analyses should be more robust to aggregation error since parcels are smaller in size than 
tracts (finer resolution); and thus the parcel level analyses results for flood risk are more reliable.  
Furthermore, it must be noted that the dasymetric disaggregation employed herein did 
nothing with the flood hazard data. The flood hazard data, whether it originates from the FEMA 
NFHL or Miami-Dade County, is the best available flood hazards data for the Miami MSA. 
However, the flood hazard data represent the probabilities of floods with certain characteristics 
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occurring across the landscape. Dasymetric disaggregation of any flood probability data would 
be difficult or impossible. Nevertheless, flood hazards data could be combined with high 
resolution digital elevation models and other ancillary data such as soil porosity and impervious 
surfaces to obtain a more detailed depiction of areas at risk of flooding.   
Concerning logistic regression results, there are no apparent trends in model fitness 
between tract and parcel based models based on Nagelkerke R-squared values. In contrast, all 
parcel level models have lower standard errors and the significance of all independent variables 
is greater than those based on tracts. Although parcel level models should be more accurate than 
their tract level equivalents, the drawback of working with units as small as individual parcels is 
the large size of the data sets. The inhabited parcels data set for the Miami MSA has 
approximately 1.5 million records, and calculating spatial autocorrelation with the Moran’s I 
statistic is not possible or difficult for most computers.  
The analyses in this chapter also address Research Objective 2, in terms of the 
assessment of EJ implications of flood hazards (Goal 1) and indivisible coastal water related 
amenities (Goal 2). The regression models presented in this chapter support Hypotheses 3 and 4. 
Hypothesis 3 states that socioeconomically affluent groups such as non-Hispanic Whites are 
overrepresented in coastal flood zones, while socially vulnerable groups are overrepresented in 
inland flood zones. Hypothesis 4 claims that affluent groups reside mostly in coastal flood zone 
areas characterized by water related amenities, and socially vulnerable groups live in areas 
exposed to inland flood risk and no flood risk that are not characterized by coastal water related 
amenities. Non-Hispanic Whites are at risk to coastal flooding, but live in desirable areas due to 
indivisible coastal water related amenities (Tables 23 and 24). This finding pertaining to non-
Hispanic Whites persists in all models when control variables for the counties are added, 
 140 
 
regardless of whether the models are based on tracts or parcels. Non-Hispanic Blacks, Hispanics 
collectively, Colombians, Cubans, Mexicans, and Puerto Ricans are all inequitably at risk to 
inland flooding in areas not characterized by coastal water related amenities (Tables 26 and 27). 
Colombians evidence a negative correlation with economic insecurity; thus their exposure to 
inland flood risk is not an EJ concern. In contrast, Cubans, Mexicans, and Puerto Ricans have 
positive correlations with economic insecurity so their exposure to inland flood risk is an EJ 
problem. Residents with higher economic insecurity and instability are overrepresented in areas 
of no flood risk (Tables 29 and 30). Although these areas are not exposed to the risk of a 100-
year flood, they are characterized as lacking water related amenities.  
There were differences in the type of flood risk exposure for Mexicans and Puerto Ricans 
between tract and parcel based models. Specifically, tract based models suggest that Mexicans 
and Puerto Ricans are not exposed to inland flood risk while parcel based models showed 
contradictory results for inland flood risk for both groups. The coastal flood risk model based on 
tracts indicates that Mexicans are exposed to coastal flood risk, but the parcel based model 
suggests a negative association with flood risk. Puerto Ricans are also exposed to coastal flood 
risk based on tracts and parcels, but the association is significant only according to the parcel 
based model. Two maps were produced that appear in Figures 19 and 20 showing tracts 
symbolized according to percentages of Mexicans and Puerto Ricans, respectively. Figure 19 
occurs on page 118 in Chapter 8. The coastal flood zone is also depicted in Figures 19 and 20 but 
with a 40 percent transparency to show which tracts are intersected by it. Some tracts with very 
high percentages of Mexicans and/or Puerto Ricans are large rural tracts that intersect coastal 
flood zones. When dasymetrically disaggregating tracts to parcels, results suggest that Mexicans 
are exposed to inland flood risk but Puerto Ricans are exposed to both coastal and inland flood 
 141 
 
risks. Hence, it can be concluded that both Mexicans and Puerto Ricans are inequitably exposed 
to inland flood risk.  
 
 
Figure 20. Census tracts included in analyses symbolized according to percentage Puerto Rican 
residents, with coastal flood zones. 
 
The analysis results discussed in this chapter attempted to unravel complexities 
associated with both the MAUP and the EJ implications of flood hazards. The observed 
relationships between flood risk and the independent variables suggest that non-Hispanic Whites 
are overrepresented in areas of coastal flood risk that are also characterized by coastal water 
based amenities. A significantly higher proportion of non-Hispanic Blacks, Hispanics 
collectively, Colombians, Cubans, Mexicans, and Puerto Ricans are exposed to inland flood risk, 
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and this is an EJ concern because these groups may lack resources to mitigate inland flood 
hazards. Further, areas of inland flood risk are not characterized by coastal water related 
amenities. On the other hand, the significantly lower proportions of non-Hispanic Blacks, 
Hispanics collectively, Colombians, Cubans, Mexicans, and Puerto Ricans in areas of no flood 
risk is also an EJ concern since it implies that these minority groups are overrepresented in other 
areas that are exposed to flooding. Those with greater economic insecurity and instability tend to 
reside in areas of no flood risk, and the EJ implication of this is that they may have lower levels 
of access to coastal water related amenities. It can be concluded that privilege is more of an EJ 
concern than disproportionate risk, because there is stronger evidence of socially vulnerable 
groups dwelling in areas lacking coastal water related amenities than there is for socially 
vulnerable individuals exposed to flood risk. This shows that EJ research should include more 
explicit investigations of privileged groups and environmental amenities.  
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10. CONCLUSION 
 
The principal objective of this dissertation is to evaluate the environmental justice (EJ) 
implications of coastal and inland flood hazards in the Miami Metropolitan Statistical Area 
(MSA). This analysis included an assessment of the indivisible water related amenities 
associated with various flood hazard zones. A supplementary objective is to add to the existing 
body of knowledge on spatial interpolation and dasymetric mapping techniques for estimating 
residents exposed to flood risk, or more generally, estimating population densities in small areas. 
These two research objectives guided this research, and each objective had two goals. This 
chapter summarizes the findings from the quantitative analysis associated with these objectives 
and their respective goals. A discussion of the contributions and limitations of this study and 
directions for future research is also provided in this chapter. 
10.1 Research Objective 1: GIS-based Spatial Interpolation Methods and Environmental 
Justice Analyses 
Goal 1 of Research Objective 1 was to determine the most accurate spatial interpolation 
method to estimate block group populations from tracts. Five spatial interpolation methods were 
implemented and evaluated, four of which were dasymetric methods. The non dasymetric 
method was simple areal weighting, which served as a benchmark for comparing the 
performance of the dasymetric methods. Simple areal weighting was expected to be the least 
accurate since tracts are not disaggregated with ancillary data. Performance of all methods was 
assessed with six accuracy metrics employed by previous researchers (Fisher and Langford 1995; 
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Eicher and Brewer 2001; Maantay et al. 2007; Tapp 2010). Hypothesis 1 states that an expert 
dasymetric system results in the most accurate estimates of residential population densities 
across the Miami MSA study area. The Enhanced Cadastral Expert Dasymetric System (ECEDS) 
was found to be the most accurate block group population estimations, supporting Hypothesis 1. 
The ECEDS methodology was developed as part of this research, building upon the methods 
employed by Maantay et al. (2007) and Zandbergen (2011). The ECEDS method employs an 
expert decision system with three options for estimating block group population: parcel 
residential units, parcel residential area, or address points. Any expert system such as ECEDS 
has potential for greater accuracy as the number of options for estimating block group population 
increases. The advantage of a dasymetric method that disaggregates census polygons to the 
individual parcel level is that the output units are very small. Geographers who have analyzed the 
modifiable areal unit problem (MAUP) recommend using the smallest areal unit possible for 
analyses to avoid aggregation bias (Cutter et al. 1996; Bowen 2001; Ringquist 2005; Baden et al. 
2007). 
Goal 2 of Research Objective 1 was to demonstrate how a method of spatial interpolation 
affects the results of EJ analysis. Hypothesis 2 states that analytical results based on census 
tracts differ from those based on the output units from the most accurate spatial interpolation 
method determined in the analyses for Goal 1 of Research Objective 1. Regression analyses 
conducted to assess EJ implications of flood hazards and coastal water related amenities based 
on census tracts and parcels from the ECEDS method indicated specific differences in statistical 
results. The statistical significance of parcel based model coefficients was greater than their tract 
based equivalents. Previous EJ researchers have also observed greater significance of 
independent variable coefficients in regression analyses when using smaller areal units (Taquino 
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et al. 2002; Baden et al. 2007). However, the use of smaller units could introduce more spatial 
autocorrelation, partly due to spatial heterogeneity that is masked by larger areal units. Residual 
spatial autocorrelation of the parcel based models was not measured because the very large size 
of the parcel shapefile prevents the creation of a neighbor matrix file required to calculate 
Moran’s I. Since the results of EJ analyses are sensitive to the size of areal units because of the 
MAUP, results derived from various areal units should be presented to ensure the stability of 
relationships (Fotheringham and Wong 1991; Baden et al. 2007). Following the Presidential 
Executive Order 12898 (Clinton 1994), EJ analysis based on multiple areal units is necessary to 
ensure and enhance the reliability of statistical findings (Baden et al. 2007).  
Bivariate correlations between dependent and independent variables based on census 
tracts and parcels also yielded different results. For example, correlations at the parcel level 
indicated the presence of amenities of seasonal homes and proximity to public beach access sites 
to be significant factors in areas of no flood risk, while correlations at the tract level do not. This 
difference influences the EJ implications of exposure to residential flood hazards and indivisible 
coastal water related amenities for the socio-demographic groups that are examined herein. 
Furthermore, in geographic information science (GIS)-based analysis of hazard exposure, 
assessment of populations at risk is complicated by boundaries of exposure areas that rarely 
match the boundaries of census areal units that contain socio-demographic data. Disaggregating 
census units to the individual parcel level results in data that may approach the household level  
values from which census units are aggregated. Consequently, disaggregating census units to 
inhabited parcels results in more accurate estimates of residential populations exposed to 
hazards.  
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10.2 Research Objective 2: Environmental Justice Implications of Flood Hazards  
Goal 1 of Research Objective 2 was to assess EJ implications of coastal and inland flood 
hazards, and Goal 2 was to assess EJ implications of flood hazards with indivisible coastal water 
related amenities. The methodology associated with Research Objective 2 is comprised primarily 
of several logistic regression models. The models are designed to evaluate whether socially 
vulnerable groups are disproportionately at risk of flooding, and whether privileged groups are 
exposed to flood hazards in desirable residential neighborhoods due to coastal water related 
amenities. Hypothesis 3 asserts that individuals of lower social vulnerability reside in coastal 
flood zones and socially vulnerable individuals live in inland flood zones. Hypothesis 4 posits 
that individuals of lower social vulnerability live in coastal flood zones with higher indivisible 
water related amenity value, and socially vulnerable individuals live in inland flood zones and 
areas outside 100-year flood zones without water related amenities. Analyses for Goals 1 and 2 
were conducted with both census tracts and inhabited parcels from the ECEDS method as 
observations. The binary dependent variables of logistic regression models denoted whether a 
census tract or a parcel from the ECEDS output was exposed to coastal 100-year flood hazards, 
inland 100-year flood hazards, or no flood risk (areas outside 100-year flood hazards). 
Explanatory variables of percent seasonal homes and proximity to public beach access sites were 
employed to represent indivisible coastal water related amenities. Principal components analysis 
was used to calculate two neighborhood deprivation indices called economic insecurity and 
instability. The results suggested that the less socially vulnerable group of non-Hispanic Whites 
are overrepresented in coastal flood hazard zones where coastal water related amenities are high. 
This finding was confirmed at both the tract and parcel level when control variables for the 
counties were employed in regression models. Tract and parcel level regression models suggest 
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that non-Hispanic Blacks and Hispanics are disproportionately at risk of inland flood hazards in 
areas likely to contain fewer water related amenities.  
Hispanic country-of-origin subgroups of Colombians, Cubans, Mexicans, and Puerto 
Ricans were also examined for inequities in flood risk exposure. Tract and parcel models 
indicate that Colombians and Cubans are inequitably exposed to inland flood risk, but results for 
Mexicans and Puerto Ricans are mixed. Mexicans are inequitably exposed to coastal flood risk 
based on tracts, but they are at risk to inland flooding based on parcels. Some tracts that were 
classified as positive for coastal flood risk are large, rural, and have high percentages of Mexican 
populations. When residential areas within these tracts containing high percentages of Mexicans 
were redistributed to inhabited parcels, the parcels mostly intersected inland flood zones. Puerto 
Ricans are disproportionately exposed to coastal flood risk based on tracts and parcels, but they 
are only at risk to inland flooding based on parcels. Because parcel level analyses showed that 
Puerto Ricans are inequitably exposed to both coastal and inland flood risk, Puerto Ricans’ 
exposure to flood risk deems further investigation. Residents with higher neighborhood 
deprivation as indicated by economic insecurity and instability indices are not exposed to 100-
year flood risk, but tend to live in areas with fewer water related amenities. Significantly lower 
percentages were observed for racial/ethnic minority groups in areas of no flood risk, which 
implies that they are exposed to 100-year flood hazards.  
 The findings from the EJ analyses conducted in this dissertation generally suggest that 
privilege is a stronger force than disproportionate exposure to environmental risk. Privileged and 
socioeconomically affluent groups seek environmental amenities in their residential locations, 
and in doing so they hinder access to coastal water related amenities for socially vulnerable 
individuals. Socially vulnerable individuals are less likely to have equitable opportunities to 
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enjoy environmental amenities (Davis 1998; Park and Pellow 2011). Furthermore, those 
employed in tourism and leisure are typically lower income individuals who serve affluent 
tourists (Park and Pellow 2011). There are many service industry workers in the Miami MSA, 
since it is an important tourist destination. It is unjust that tourism and leisure employees may 
work in areas of environmental amenities but lack equitable opportunities to access to these 
amenities. 
10.3 Contributions to GIS, Spatial Interpolation, and Dasymetric Mapping Research 
 The dasymetric mapping applications conducted in this dissertation contribute 
methodologically to quantitative research in human geography. Several dasymetric interpolation 
methods were implemented, and errors in their results were examined thoroughly for statistical 
and geospatial trends. The ECEDS method was determined to be the most accurate based on six 
different error metrics, but there were no apparent trends in the corresponding error distributions. 
The superior performance of the three-class residential density method relative to cadastral based 
methods was unexpected. Since there were many errors produced by the cadastral/parcel data, it 
was concluded that the ancillary parcel data were problematic. The geography of the parcel data 
should be highly accurate, but the attribute data proved questionable for estimating block group 
populations from tracts. On the other hand, address points are easier to work with than parcel 
polygons since points are discrete locations that do not require areal interpolation calculations. 
This research also showed that the implementation of an expert decision system for dasymetric 
interpolation yields more accurate population densities than employing single ancillary data 
layers. Nevertheless, the computational complexity is greater for expert systems than those 
involving one ancillary data layer for disaggregation and interpolation. Although land use data 
usually have a larger geographic extent than cadastral and address point data sets, it does not 
 149 
 
necessarily mean that land use data are less accurate or precise. Thus, this research demonstrated 
that dasymetric disaggregation with land use data has potential for high accuracy. Nonetheless, 
land use data is probably comprised of larger areal units than parcels. As stated previously, 
disaggregating census units to the level of parcels and address points approaches household scale 
representations of residential populations.  
Assessing the places and people exposed to hazards will perpetually involve the 
challenge of assessing spatial coincidence of areal units with different boundaries. Although the 
ECEDS is computationally intensive, the use of smaller units makes the estimates of populations 
exposed to hazards more accurate and reliable. Presenting EJ analyses results based on areal 
units of different sizes ensures the stability of observed relationships, and avoids bias associated 
with the MAUP. Additionally, employment of parcels or address points in EJ analyses yields 
results that are more representative of neighborhood level trends, which is the size of the study 
area usually examined in EJ case studies (Baden et al. 2007).  
10.3.1 Limitations and Recommendations for Dasymetric Spatial Interpolation Research 
There are specific limitations associated with the dasymetric spatial interpolation research 
presented in this dissertation. The research is limited by the number of methods that are assessed 
for accuracy. Testing additional methods may elucidate trends in error distributions that were not 
observed in this dissertation. For example, the three-class residential density method could be 
implemented with a pycnophylactic or volume-preserving approach (Tobler 1975; 1979). Instead 
of removing areas of non-residential land use from census tracts, these areas could be classified 
as very low-density residential areas. Tract vacancy rates could be utilized to reduce 
overestimations of population densities (Mitsova et al. 2012). Remotely sensed data could have 
been classified to produce a land use layer for dasymetric disaggregation, following Mennis 
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(2003). Other sources of ancillary data for dasymetric disaggregation include building footprints 
and lidar data for the built environment (Dong et al. 2010). Remotely sensed images and lidar 
data can be used to map impervious surfaces and buildings (Hodgson et al. 2003; Bin et al. 2008; 
Hamilton and Morgan 2009). Multiple ancillary data sets can also be combined into one data set 
to enhance accuracy for mapping residential population densities. For example, land use data 
could be used in conjunction with address points to classify address points according to land 
uses. Further exploration of dasymetric spatial interpolation methods using various types of 
ancillary data is warranted. 
The CEDS and ECEDS methods employed herein utilized expert decision systems to 
estimate block group populations from tracts. Complex decision trees for dasymetric mapping 
could also be developed, following Platt (2012). Thresholds of values concerning various 
ancillary data sources can be developed iteratively to optimize an expert system decision tree. 
Additionally, many geographers develop raster based surfaces of population density which 
dasymetrically redistribute populations within census units via linear regression, kriging, or other 
statistical techniques (Yoo et al. 2008). Many of these geostatistical raster based methods employ 
smoothing functions, as in Tobler’s pycnophylactic method (Tobler 1975; 1979). Raster based 
population models may be favorable because they combine more easily with other ancillary data 
(Tobler 1975; 1979; Goodchild et al. 1993; Langford and Unwin 1994; Martin et al. 2000; Yoo 
et al. 2008). Raster grid cells are also advantageous because they are usually very small and thus 
have fewer homogeneity assumptions. However, while natural phenomena such as soil types and 
land cover are best represented with smooth raster based data, human phenomena often have 
sharp boundaries. For instance, features such as streets and lakes do not house people. Since 
zoning laws usually classify relatively large contiguous areas as commercial, government, or 
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other non-residential land uses, representing population density with smoothing functions is 
somewhat fallacious. This is why some geographers posit that smoothing functions for 
dasymetric applications should be used for cartographic purposes only, and not analyses (Yuan et 
al. 1997; Eicher and Brewer 2001; Mennis 2003). Nevertheless, dasymetric mapping remains an 
important research topic for geographers interested in various practical applications.  
10.4 Contributions to EJ Literature 
The findings from this case study suggest that privilege is a fundamental concept 
associated with the EJ implications of flood hazards and coastal water based amenities. Results 
more often suggested that non-Hispanic Whites seek water related amenities in coastal areas, and 
socially vulnerable groups are exposed to flood hazards in areas without water related amenities. 
Racial and ethnic minority groups and residents with high neighborhood deprivation are 
relegated to dwelling within areas exposed to flood risk as long as these areas do not have 
substantial coastal water related amenities. Economically affluent individuals can choose where 
they live, while socially vulnerable individuals have fewer residential options because they lack 
the financial resources and power. Non-Hispanic Whites, who are negatively correlated with 
neighborhood deprivation indices, choose to live at risk of flooding because of higher amenity 
values in flood hazard zones, but their waterfront property restricts access to the public beaches. 
The resources to mitigate flood hazards that affluent people can acquire are usually inaccessible 
to socially vulnerable individuals. Additionally, the costs of flood hazard mitigation are largely 
externalized to U.S. taxpayers via the National Flood Insurance Program (NFIP). Therefore, 
affluent coastal property owners restrict access to beaches and are exposed to flood hazards due 
to the moral hazard that the NFIP encourages. When the costs of mitigating hazards are largely 
externalized, it follows that people of higher socioeconomic status will choose to live in 
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hazardous areas with high amenity values. The political ecology concepts of facilitation and 
marginalization are helpful in understanding why despite its financial insolvency, recent efforts 
to make the NFIP more solvent (e.g.,  the Biggert-Waters Act) have been stopped. Individuals 
with affluence and political power have successfully facilitated themselves by replacing the 
Biggert-Waters Act of 2012 with the Homeowner Flood Insurance Affordability Act of 2014, 
thus maintaining flood insurance premiums that are much lower than actuarial risk rates. When 
the next hurricane occurs with damages comparable to Hurricanes Katrina or Sandy, socially 
vulnerable residents will be marginalized in that they may never fully recover or return home. 
The findings in this dissertation affirm that privilege is the more salient EJ concern than 
disproportionate exposure to risk, but this conclusion would not be reached if indivisible coastal 
water related amenities were not included in the analyses. This affirms the importance of 
Mitchell’s (1990) imperative that natural hazards and amenities are investigated with a common 
research paradigm. Thus, this dissertation has analyzed environmental privilege and amenities, or 
two factors that had received limited attention in previous quantitative EJ research.  
10.4.1 Limitations and Recommendations for EJ Research  
The notion of hazards with indivisible amenities deserves more research. Kates (1971) 
had noted four traits of natural hazards that lead to choices for responses: frequency, magnitude, 
suddenness, and “whether the hazard is intrinsic to the use characteristics or locational advantage 
of the site” (p. 440). This intrinsic nature of floods and amenities associated with open water 
coastlines is what is referred to as indivisibility. Throughout this dissertation, percent seasonal 
homes and proximity to public beach access sites were referred to indivisible coastal water 
related amenities. This was done to convey the multifaceted quality of coastal areas exposed to 
flood risk. Although riverfront areas also offer water related amenities, this was beyond the 
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scope of this dissertation. Differences in individuals’ socioeconomic status and social 
vulnerability are what determine whether residence in areas of natural hazards is harmful or 
beneficial.  
It must be explicit that this EJ investigation was solely a study of distributive justice. 
Distributive justice concerns an equitable distribution of hazards and amenities; that things 
should be distributed to people in the right quantities (Smith 1994). In contrast, procedural 
justice is the equitable involvement of all potentially affected people in decision-making and 
political processes. Procedural EJ investigations are often based on qualitative research methods 
to document or explain the process that led to current injustices, and this dissertation sought to 
identify privilege quantitatively. An investigation into the history of Miami MSA lending and 
zoning practices would  reveal racist forces that contributed to the empirical findings reported 
this dissertation. For example, in the 1950s there were Jim Crow laws segregating people based 
on skin color, both in residential and business areas (Shell-Weiss 2009). However, the 
quantitative investigations conducted herein cannot convey how or why non-Hispanic Whites 
occupy a disproportionate proportion of the very desirable coastal areas in the Miami MSA while 
racial and ethnic minorities are exposed to flood hazards in relatively undesirable areas. Since 
this was a distributive justice study, this dissertation explained the current patterns of EJ 
implications of flood hazards in Miami MSA. 
Despite inherent limitations of distributive justice inquiry, there are other aspects of this 
investigation that can be addressed in future research. Important limitations arise from using 
secondary aggregated data sources that provide information on the socio-demographic 
characteristics of the population. Although data published by the U.S. Census and American 
Community Survey are relatively convenient to obtain and analyze, it cannot be assumed that the 
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data are complete and accurate. These secondary data sources do not provide insight to factors 
that are important to Miami MSA residents concerning where they live. Collecting primary data 
through household surveys and interviews would provide additional insight into the factors that 
contribute to where people live and their level of knowledge of flood risk. Additionally, the 
Miami MSA has a large immigrant population, some of whom may be undocumented. 
Undocumented immigrants are unlikely to be included in census surveys (Chakraborty et al. 
2014) and thus get excluded from census-based EJ analyses. 
 There are several challenges related to the use of flood hazard data from FEMA and the 
coastal A zones provided by Miami-Dade County. Furthermore, utilizing V zones to represent 
coastal flood zones is not completely accurate. V zones are defined as three feet or more of wind 
driven wave hazards on top of still water 100-year flood elevations. Although areas around Lake 
Okeechobee are in V zones, they are not considered coastal areas in this research because coastal 
refers to areas adjacent to open ocean coasts (i.e., the Atlantic Ocean beaches). The definition of 
coastal is debatable, but three feet of wind driven wave action hazards on top of 100-year flood 
still water elevation is an extremely dangerous flood. FEMA recognizes that wave hazards less 
than three feet also have potential for damage, and offers incentives to local municipalities to 
map coastal A zones. Coastal A zones include areas subject to 1.5 to 3 feet of wind driven wave 
hazards on top of still water elevations (FEMA 2005).  
Nevertheless, the utilization of flood hazard zones with rigid boundaries is also a 
limitation as floods do not follow delineated flood zones. This makes geographic analysis of 
flooding problematic, because hazard exposure areas are fuzzy phenomena that cannot be 
accurately represented with areal units with discrete boundaries (Brody et al. 2013; Chakraborty 
et al. 2014). Employing different representations of flood hazards using fuzzy logic would 
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provide additional insight to the social vulnerability of those at risk to flooding. However, since 
flood insurance mandates and flood-resistant building codes are only applicable to the 100-year 
floodplain, development is often very dense just outside the extent of 100-year floodplains 
(Brody et al. 2013). Yet another limitation of this research is the temporal mismatch between the 
flood hazard data for each county of the Miami MSA. The flood zone boundaries for Miami-
Dade County was published in 2010, while those for Broward and Palm Beach Counties were 
published in 1996.  
 Concerning efforts to assess EJ implications of water related amenities, the analysis of 
proximity to public beach access sites would have improved with surveys or interviews with 
Miami MSA residents. It would have been beneficial to know how important beach access is to 
residents of various races, ethnicities, and socioeconomic statuses. Questions pertaining to what 
beachgoers think is important in a beach visit could include amenities at sites and travel time. It 
would have been of particular interest to ask Miami MSA residents about travel times, and 
thresholds at which the travel time to go to the beach becomes more than they are willing to 
endure. Qualitative research involving beachgoers would contribute to studies such as that by 
Giles-Corti and Donovan (2002), who surveyed tourists in Australia concerning their preferences 
for certain activities and sites.  
 This EJ investigation of flood hazards affirms that flood management policies in the U.S. 
must make social equity an explicit goal. Climate change and associated sea level rise will 
continue to threaten coastal areas worldwide. The ways in which this country deals with flood 
risk are unsustainable and societies have the responsibility of preserving resources for future 
generations. Former President John F. Kennedy said: “There are risks and costs to a program of 
action. But they are far less than the long-range risks and costs of comfortable inaction.” (p. 334; 
 156 
 
Kunreuther and Michel-Kerjan 2009). Today’s politicians say they need to fix the NFIP, but their 
inaction speaks louder to their true goals. 
10.5 Concluding Discussion 
 The extensive analyses conducted in this dissertation have demonstrated the importance 
of examining natural hazards and indivisible amenities within a single research framework. 
Results also illustrated the utility of dasymetric spatial interpolation for improving accuracy and 
reliability of research on social inequities in residential exposure to hazards. The principal EJ 
implication of flood hazards in the Miami MSA is the problem of privilege. Privilege drives 
residential patterns, since socioeconomically affluent residents can afford to choose where they 
live. This is especially true when the NFIP externalizes the costs of flood mitigation and 
promotes moral hazard.   
 Catastrophic coastal storms are expected to continue impacting the U.S. and climate 
change is causing sea level rise and perhaps greater hurricane intensity and frequency. The 
density of coastal development is not reduced by damaging coastal storms, rather, it is simply 
replaced with government money. Using tax money to rebuild coastal property owned by 
disproportionately wealthy people is a grave injustice. The frequency of coastal disasters in the 
U.S. indicates that ignorance cannot be a reason for rebuilding structures in hazardous coastal 
areas. More empirical studies must be conducted to illuminate the unsustainability and social 
inequity associated with the management of flood hazards in the U.S.    
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